






































Figure 9. (A) average volume, (B) length, (C) cost, (D) fill density, (E) cost per volume, and (F) 
renourishment cycle of U.S. coast nourished beaches over the last 50 years (per decade). 

require less material. However, volume, length, fill density, and renourishment cycles are expected to 
decline. It is worth noting that this study does not account for future climate change impacts, which, if 
considered, might increase sand volume needs. Additionally, it might be that shorter renourishment cycles 
are occasionally triggered by random storm occurrences, initiating the next project cycle. 

Overview of Beach Nourishment Events over the Last 50 Years 

Figures 10, 11, and 12 present an in-depth analysis of beach nourishment practices in the top 10 most-
nourished states, based on the total volume of sand used in nourishment projects within each state from 
1970 to 2020. Figure 10 illustrates the total number of communities involved, along with the number of 
beach nourishment events. Figure 11 highlights the total volume, known length, and associated known costs 
of these initiatives. Figure 12 provides a detailed comparison of variables, such as volume, known length, 
known cost, fill density, cost per volume, and renourishment cycles, offering an average value for each 
parameter. Additionally, Table 4 summarizes the total number of beach nourishment events, the number of 
involved communities, volume, known length, and the known adjusted cost in all states that had 
implemented beach nourishment during this period. For a comprehensive understanding of these crucial 
factors and their implications for beach nourishment practices, readers are encouraged to refer to these 
figures and the table, as well as the detailed analysis provided for each state that follows. 
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Figure 10. (A) total number of beach nourishment communities and (B) beach nourishment events in 
the top 10 most nourished states over the last 50 years (from 1970 to 2020). 

California witnessed 413 nourishment events taking place at 40 distinct locations. These events resulted in 
the nourishment of ~91k ft of beach with ~181M cy of sand, totaling a cost of (~) $641M. The most 
expensive beach nourishment occurred in 2012 in Solana Beach, where 140k cy of sand were used to 
nourish 1.6k ft of beach for (~) $36.5M. 

In Delaware, 206 nourishment events occurred at 17 different locations. ~111k ft of beach were nourished 
with ~36M cy of sand, costing (~) $499M. Broadkill Beach saw the priciest beach nourishment in 2016, 
amounting to (~) $84M, with 1.7M cy of sand spread across 15k ft of beach. 

Florida experienced 661 nourishment events at 80 locations, covering ~1.5M ft of beaches with ~311M cy 
of sand. The total cost amounted to (~) $3.6B. In 1980, Miami Beach had the most expensive event, which 
cost over (~) $242M and involved spreading ~14M cy of sand across ~55k ft of beach. 

Louisiana hosted 60 nourishment events across 22 locations, nourishing ~323k ft of beaches with ~117M 
cy of sand. The total cost exceeded (~) $1.3B. The costliest event took place at Caminada Headland in 
2017, where ~5.2M cy of sand covered ~39k ft of beach, costing (~) $178M. 

In New Jersey, 180 nourishment events took place across 25 locations, with ~492k ft of beaches nourished 
using ~165M cy of sand. The total cost amounted to (~) $2.4B. Long Beach Island experienced the most  
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Figure 11. (A) total volume, (B) known length, and (C) known cost of beach nourishments in the top 
10 most nourished states over the last 50 years (from 1970 to 2020). 

expensive nourishment event in 2016, involving ~10M cy of sand covering ~69k ft of beach at a cost of (~) 
$216M. 

New York saw 107 nourishment events at 20 locations, with ~381k ft of beaches nourished using ~ 93M 
cy of sand. The total cost was (~) $1.34B. Long Beach had the costliest event in 2019, which cost (~) $81M 
and involved ~4.8M cy of sand. 

North Carolina held 297 nourishment events at 31 locations, with ~471k ft of beaches nourished using 
~149M cy of sand. The total cost was (~) $1.63B. Nags Head had the priciest event in 2019, which cost (~) 
$45M and covered ~53k ft of beach with ~4M cy of sand. 

South Carolina hosted 80 nourishment events at 17 locations, nourishing ~327k ft of beaches with ~57M 
cy of sand at a total cost of (~) $800M. The most expensive event took place at Folly Beach in 2014, costing 
(~) $43M and involving ~1.4M cy of sand covering ~28k ft of beach. 

Texas experienced 95 nourishment events at 20 locations, nourishing ~ 212k ft of beaches with ~ 27M cy 
of sand at a total cost of (~) $265M. Galveston had the most expensive beach nourishment event in 2010, 
costing over (~) $31M and involving ~630k cy of sand spread across ~5k ft of beach. 

In Virginia, 57 nourishment events occurred at 6 locations, covering ~102k ft of beaches with ~31M cy of 
sand. The total cost reached $331M. Wallops Island experienced its most expensive event in 2011, 
involving ~ 3.2M cy of sand covering ~19k ft of beach at a cost of (~) $54M. 
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Figure 12. Comparison of (A) volume, (B) known length, (C) known cost, (D) fill density, (E) cost per 
volume, and (F) renourishment cycles of beach nourishments in the top 10 most nourished states over 
the last 50 years (from 1970 to 2020). The box itself represents the interquartile range (IQR), 
extending from the first quartile (Q1) to the third quartile (Q3). The line within the box indicates the 
median. The "whiskers" or stems extending from the box indicate the range within which the bulk 
of the values fall, excluding outliers. Outliers are plotted individually and are determined using the 
formula: greater than Q3 + (1.5 * IQR) or less than Q1 - (1.5 * IQR). The red line in each boxplot 
represents the average value of the corresponding variable. 
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Table 4. Summary of the total number of beach nourishment events, number of communities, volume, 
known length, and known adjusted cost in each state over the last 50 years (from 1970 to 2020). 

State 
Number of 

communities 

Number of 
nourishment 

events 

Total    
volume (Mcy)

Known  
length (kft) 

Known total 
adjusted  

cost (M, $2023) 

Alabama 5 12 23 89 $227 
Alaska 2 10 0.6  ------ $22 

California 40 413 181 91 $641 
Connecticut 5 8 0.5 13 $20 

Delaware 17 206 36 111 $499 
Florida 80 661 311 1460 $3,548 
Georgia 2 14 15 33 $151 
Hawaii 17 22 0.2 8  ------ 
Illinois 1 9 0.6  ------ $10 

Louisiana 22 60 117 323 $1,312 
Maine 4 11 0.8 19 $23 

Maryland 2 17 12 75 $203 
Massachusetts 41 315 9 110 $109 

Michigan 30 308 9 15 $149 
Mississippi 4 16 22 192 $488 

New Hampshire 2 5 0.4 7 $10 
New Jersey 25 180 165 492 $2,362 
New York 20 107 93 381 $1,334 

North Carolina 31 297 149 471 $1,628 
Ohio 2 2 0.1  ------ $2 

Oregon 2 8 0.2  ------  ------ 
Pennsylvania 1 27 1 32 $4 
Rhode Island 6 9 0.4 9 $9 

South Carolina 17 80 57 327 $800 
Texas 20 95 27 212 $265 

Virginia 6 57 31 102 $331 
Washington 9 11 2 24 $55 
Wisconsin 6 24 1  ------ $21 

Totals 419 2,984 1,265 4,596 $14,222 

CONCLUSIONS 

Beach nourishment has become increasingly popular as a coastal protection and erosion control method in 
recent years, particularly over the last three decades. Most beach nourishment activities occurred along the 
Atlantic Coast and within Florida. Between 1970 and 2020, ~3k beach nourishment events took place in 
more than 410 beach communities, placing ~1.3B cy of sand along ~4.6M ft of the U.S. coastline at an 
estimated cost of (~) $14.2 billion. In the last decade, the national beach nourishment volume reached ~41M 
cy, with (~) $630M in yearly expenses. 109 communities had just a single event, in sharp contrast to the 34 
with over 20 nourishment activities. The average fill density was highest for the Pacific coast at ~90 cy per 
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linear foot (cy/ft), and lowest for the Great Lakes region, with just ~10 cy/ft. Over the last few decades, 
beach nourishment practices along the U.S. coast had reduced in terms of volume, length, fill density, and 
renourishment cycles, while cost and cost per volume had increased. Historical trends suggest that the 
overall cost and the cost per volume of future beach nourishments are likely to rise. This increase in costs 
is likely driven by annual inflation and the frequent occurrence of renourishments needing less sand for 
beach nourishment. Concurrently, declines in volume, length, fill density, and renourishment intervals are 
forecasted. It should be highlighted that this study overlooks the potential impacts of future climate change, 
which could potentially elevate the requirements for sand volume. Furthermore, random storm events could 
lead to more frequent renourishment cycles, triggering the start of the next project phase. Although there 
were statewide and regional disparities, federal contributions remained the primary funding source for 
beach nourishment efforts across the nation. Nearshore sand was utilized in 75% of the projects. 
Furthermore, 49% of the projects employed RSM practices, with the USACE responsible for executing 
61% of these activities. 

ACKNOWLEDGEMENTS 

Funding for this study was provided by the Coastal & Dredging Laboratory (CDL) at Texas A&M 
University. This project was undertaken as a CDL-funded summer research project by Abolfazl Yousefi 
under the guidance of professors Ram Mohan and Orencio Duran Vinent. Anchor QEA’s Zelini Hubbard, 
Lydia Pudzianowski and Danielle Scarcella provided technical support via editorial reviews.  Dr. Vinent’ 
time for this effort was funded by the Ocean Engineering Department at Texas A&M University, and Dr. 
Mohan’s time for this research was offered by Anchor QEA.  Finally, we thank the anonymous WEDA 
Journal of Dredging reviewers for offering valuable peer-review comments that helped us enhance the 
quality of this manuscript. 
 

REFERENCES 

Campbell, T., and Benedet, L. (2006). Beach Nourishment Magnitudes and Trends in the US. Journal of 
Coastal Research, Vol. 1, No. 39, pp. 57-64.  

USACE Civil Works Construction Cost Index System (CWCCIS―1967 Base Year). (2022). 
https://usace.contentdm.oclc.org/utils/getfile/collection/p16021coll9/id/2596 

Dean, R. G., (2002). Beach Nourishment: Theory and Practice (Vol. 18). World Scientific.  
DredgeWire. (2021). Pinellas Sand Key beach renourishment project in peril. 

https://dredgewire.com/pinellas-sand-key-beach-renourishment-project-in-peril/ 
Elko, N., Briggs, T. R., Benedet, L., Robertson, Q., Thomson, G., Webb, B. M., and Garvey, K. (2021). A 

Century of US Beach Nourishment. Ocean & Coastal Management, Vol. 199, 
https://doi.org/https://doi.org/10.1016/j.ocecoaman.2020.105406  

Leonard, L. A., Dixon, K. L., and Pilkey, O. H. (1990). A Comparison of Beach Replenishment on the US 
Atlantic, Pacific, and Gulf Coasts. Journal of Coastal Research, pp. 127-140. 
http://www.jstor.org/stable/44779890  

NRC (1995). Beach Nourishment and Protection. National Research Council, Washington, DC. National 
Academies Press,  

Palaparthi, J., and Briggs, T. R. (2023). Influences on National Beach Nourishment Trends. Coastal 
Sediments 2023: The Proceedings of the Coastal Sediments 2023, pp. 145-153. 
https://doi.org/https://doi.org/10.1142/9789811275135_0014  

Pilkey, O. H., and Clayton, T. D. (1989). Summary of Beach Replenishment Experience on US East Coast 
Barrier Islands. Journal of Coastal Research, Vol. 5, No. 1, pp. 147-159. 
http://www.jstor.org/stable/4297507  

Staudt, F., Gijsman, R., Ganal, C., Mielck, F., Wolbring, J., Hass, H. C., Goseberg, N., Schüttrumpf, H., 
Schlurmann, T., and Schimmels, S. (2021). The Sustainability of Beach Nourishments: A Review 

©2024 Western Dredging Association WEDA Journal of Dredging, Vol. 21, No. 2

21



of Nourishment and Environmental Monitoring Practice. Journal of Coastal Conservation, Vol. 25, 
No. 2, pp. 1-24. https://doi.org/10.31223/osf.io/knrvw  

Walton, T. L., and Purpura, J. S. (1977). Beach Nourishment Along the Southeast Atlantic and Gulf Coasts. 
Shore and Beach, Vol. 45, pp. 10-18.  

©2024 Western Dredging Association WEDA Journal of Dredging, Vol. 21, No. 2

22



PREDICTING OUTCOMES OF TIER III ENVIRONMENTAL TESTING OF DREDGED 
MATERIAL: A MACHINE LEARNING APPROACH TO AQUATIC DISPOSAL  

Jazmine Davalos1, Scott Slone2, Jaleesia Amos1,3 , Robert Ibey2, Al Kennedy4, Christopher Veinotte5, and 
Taylor Rycroft4* 

ABSTRACT 

Federal regulations, specifically section 103 of the Marine Protection, Research, and Sanctuaries Act 
(MPRSA), dictate that dredged material must comply with environmental standards prior to ocean disposal. 
The joint Environmental Protection Agency and Army Corps of Engineers (USACE) publication known as 
the Ocean Testing Manual (OTM): Evaluation of Dredged Material Proposed for Ocean Disposal provides 
tiered testing guidance to aid dredging projects with MPRSA section 103 compliance. Tiers I and II of the 
OTM are less resource-intensive and can largely be completed with existing data, while Tiers III and IV 
are highly resource-intensive and require field sampling, laboratory testing, and data analysis. In this study, 
we examine whether a machine learning (ML) algorithm can be applied to MPRSA section 103 
environmental compliance testing and can help inform the need and design of Tier III testing based on 
physical and chemical characteristics of the source sediment. Our results show that: 1) MPRSA section 103 
Tier I/II/III datasets are conducive to ML, and 2) the 36 Tier I and II physical and chemical parameters that 
are most impactful to Tier III outcomes can be pinpointed. Additionally, we show that sufficient data from 
the USACE currently exist from historical dredging evaluations to train and test ML models that produce 
confident predictions of water column toxicity outcomes, but more data is needed to produce confident 
predictions of sediment toxicity and sediment bioaccumulation potential outcomes. The results of this study 
show that a decision tree ML algorithm can help optimize the way Tier III evaluations are performed and 
has the potential to reduce the cost and time associated with compliance testing when certain bioassays are 
predicted to be unnecessary. The outcomes also suggest that the majority of the 480 possible parameters 
measured in MPRSA section 103 evaluations may not be reliable indicators of the final compliance 
decision. 

Keywords: Environmental Compliance, Artificial Intelligence, Decision Tree, Marine Protection, 
Research and Sanctuaries Act (MPRSA), Bioassay 

INTRODUCTION 

Navigational waterways are essential for national security, transportation, and the import and export of 
domestic and international goods (USACE, 2023). The depth of these waterways must be maintained and 
at times expanded through the dredging of sediment. When sediment is dredged from a U.S. waterway, it 
must be disposed of appropriately if a practicable beneficial use (e.g., habitat development, beach 
nourishment, etc.) for the material cannot be identified. Potential disposal alternatives for dredged material 
include open ocean placement, inland placement, upland placement, or placement in a confined disposal 
facility (CDF). Selecting the appropriate disposal alternative is largely dictated by the presence and 
concentration of contaminants of concern that may impact the receiving environment (SCDHEC, 2005; 
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2 U.S. Army Engineer Research and Development Center, Cold Regions Research and Engineering Laboratory, 72 
Lyme Road, Hanover, NH 03755. 
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4 U.S. Army Engineer Research and Development Center, Environmental Laboratory, 3909 Halls Ferry Rd, 
Vicksburg, MS 39180. (*Corresponding Author: Taylor.E.Rycroft@usace.army.mil) 
5 U.S. Army Corps of Engineers, New England District, 696 Virginia Rd, Concord, MA 01742. 
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Keil et al., 2022). Federal regulations require that the physical and chemical attributes of prospective 
dredged material be evaluated prior to dredging and selecting a disposal strategy. 

Ensuring environmental compliance of dredged material is a collaborative endeavor involving federal 
agencies, state or local governments, and at times private contractors. The U.S. Environmental Protection 
Agency (USEPA) sets the threshold for environmental compliance by establishing concentration criteria 
for certain contaminants and media, as well as determining which substances should be monitored and 
evaluated (USEPA/USACE, 1991). The Marine Protection, Research and Sanctuaries Act (MPRSA) 
section 103 grants the U.S. Army Corps of Engineers (USACE) jurisdiction over issuance of permits for 
ocean disposal of dredged material based on determinations and findings from dredging evaluations. These 
dredging evaluations follow the tiered testing guidance provided in the joint USEPA and USACE 
publication referred to as the Ocean Testing Manual (OTM): Evaluation of Dredged Material Proposed for 
Ocean Disposal (also referred to as “the Green Book”) and include a thorough evaluation of sediment, site 
water, and elutriate media at sampling locations representative of the area to be dredged (USEPA, 2021).  

The OTM provides criteria guidance that dredged material should meet to be considered suitable for ocean 
disposal such as water quality criteria, toxicity (to organisms in the water column and sediment), and 
bioaccumulation in the aquatic ecosystem where the material will be disposed (USEPA/USACE, 1991). In 
order to ensure any disposed material destined for ocean disposal is in compliance with federal regulations, 
the OTM describes a four-tiered evaluation process. Each tier includes recommendations to evaluate the 
dredged material and make a factual determination that it is or is not in compliance with the limiting 
permissible concentration (LPC) as defined by the ocean-dumping regulations (USEPA/USACE, 1991). 
The four tiers are summarized as follows: 

● Tier I – comprehensive analysis of all existing and readily available, assembled, and interpreted
information on the proposed dredging project, including all previously collected physical, 
chemical, and biological data; 

● Tier II – evaluation of marine water-quality criteria (WQC) compliance using a numerical mixing
model of the dump-site conditions and an evaluation of the potential for benthic impact using 
calculations of theoretical bioaccumulation potential; unless Tier I has identified relevant and 
recent data that can be used to exclude a project from testing, Tier II requires sampling for physical 
and chemical analyses, the results of which inform the sampling/compositing design for Tier III 
testing. 

● Tier III – assessment of the impact of contaminants in the dredged material on appropriate sensitive
organisms to determine if there is potential for the dredged material to have an unacceptable impact; 
and 

● Tier IV – measurement of sensitive indicators of long-term effects of clear ecological importance,
such as survival, reproduction, and, perhaps, the time to the onset of reproduction 
(USEPA/USACE, 1991). 

Tiers I and II are often less resource-intensive and can be partially completed with existing data and 
modelling software, while Tiers III and IV are more resource-intensive and require field sampling, 
laboratory testing, and rigorous data analysis (USEPA/USACE, 1991). To optimize investment of 
economic and personnel resources at dredging sites, efforts have been made to model the fate of 
environmental contaminants to aid in estimating contaminant hotspots (Pavoni et al., 2021). Sediment 
column studies are common experimental methods to inform mathematical contaminant transport models 
for estimating contaminant fate (Wasserman et al., 2016). These methods have limitations, however, as 
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experimental results only approximate in situ environmental conditions and mathematical models often 
make simplifying assumptions which tend to be overly conservative. Alternatively, machine learning (ML) 
– an area of research which focuses on designing and developing algorithms that allow systems to use 
empirical data, past experience, and be trained to evolve and adapt to changes that occur in their 
environment (Jalal and Ezzedine, 2020) – is emerging as a reliable tool in other environmental compliance 
scenarios as available datasets allow (Chou and Lin 2020; Tso et al., 2020).  

Examples of ML applications to environmental compliance decisions are increasing to help streamline 
traditional assessment processes.  For example, traditional methods of monitoring water quality at drinking 
water or wastewater treatment plants are expensive due to laboratory testing costs and time-intensive due 
to latency between sampling times and outcomes from laboratory analyses (Judeh et al., 2022).  ML has 
been used to make monitoring water quality more efficient in assessing groundwater quality (Singha et al., 
2021), and in wastewater treatment plants, ML has been used to predict which treatment processes would 
best address biological wastewater (Sundui et al., 2021). Both scenarios of water quality monitoring 
represent successful applications of ML to complex environmental systems to aid in environmental 
compliance. 

The purpose of this study – which assumed that the exhaustive beneficial use search had already been 
performed and ocean disposal had been selected as the appropriate disposal alternative – was to examine 
whether a ML algorithm can be applied to MPRSA section 103 environmental compliance testing for ocean 
disposal of dredged material and can, with sufficient confidence, inform the need and design of Tier III 
field collection and bioassays (i.e., toxicity and bioaccumulation tests) based on physical and chemical 
characteristics of the source sediment. In this study, we show that 1) MPRSA section 103 Tier I/II/III 
datasets are conducive to ML, and 2) the Tier I and II physical and chemical parameters that are most 
impactful to Tier III outcomes can be pinpointed. Additionally, we show that sufficient data from the 
USACE currently exist from historical dredging evaluations to train and test ML models that produce 
confident predictions of water column toxicity outcomes, but more data is needed to produce confident 
predictions of sediment toxicity and sediment bioaccumulation potential. 

The outcomes of this study show that a ML algorithm can help optimize the way Tier III evaluations are 
performed and has the potential to reduce the cost and time associated with compliance testing by informing 
the need and design of Tier III field collection and bioassays. It is also possible that the predictions from 
the ML algorithm established here may serve as an additional line of evidence in decision making and 
compliance determinations. For example, if the ML algorithm predicts with a high level of confidence that 
dredged material will meet LPC for the toxicity and bioaccumulation assays in Tier III based on physical 
and chemical data collected earlier in the tiered process, federal decision makers may agree that the need 
or design of Tier III testing can be adjusted, thereby streamlining the evaluation process. Additionally, in 
identifying the 36 Tier I and II physical and chemical parameters that are most impactful to Tier III 
outcomes, this study suggests that the majority of the 480 possible parameters measured in MPRSA section 
103 may not be reliable indicators of the final compliance decision. 

METHODS 

Stakeholder Engagement 

To obtain the historical dredging evaluation data needed to train and test a ML algorithm, MPRSA section 
103 evaluations were requested from identified stakeholders representing USACE districts with ocean 
disposal jurisdiction. All available historical Tier I/II/III data from each USACE district were requested and 
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then analyzed for format (e.g., electronic - .xls, .pdf, hard copy – paper, scan) and parameter consistencies 
and discrepancies.  

Data Preparation 

Data were extracted from the collected MPRSA section 103 evaluations, divided into ‘inputs’ and ‘outputs’ 
for each sampling location in the evaluation, and cleaned and formatted so that datasets for ML training 
were standardized (see SI1 for standardized template detailing all possible inputs and outputs). The ‘inputs’ 
for each sampling location were binned in 3 categories – Physical Attributes, Sediment Chemistry, and 
Suspended Phase (Elutriate) Chemistry – which contained subcategories that included individual physical 
attributes or chemical analytes (Table 1). The pass/fail results – written as ‘Meets LPC’ or ‘Does Not Meet 
LPC’ – of the three Tier III bioassay categories – water column toxicity, sediment toxicity, and sediment 
bioaccumulation potential – represented the three ‘output’ parameters for each sampling location to which 
the inputs were mapped.  

Machine Learning 

Because there were 480 input parameters and 516 sampling locations, it was deemed necessary to identify 
which input parameters were significant for analysis. Based on the large number of input parameters, the 
significant bias towards ‘Meets LPC’ results in the sampling locations, and the need to transparently explain 
model decision making to USEPA and other agencies, a decision tree model was selected for this study, 
which was compatible with the large number of input parameters and amenable to the use of synthetic data 
to address bias issues. Other machine learning models, such as neural networks, support vector machines, 
and naive Bayes classifiers were considered, but all were found to be insufficient for the purpose of this 
study. There was insufficient data to train a neural network, too much overlap between pass and fail results 
to train a support vector machine, and the significant bias made probabilistic analysis with a Bayesian 
classifier unreliable. 

Decision tree models were built using the DecisionTreeClassifier function in Scikit-learn V1.1.2 in Python 
V3.10.1. Not all sampling locations contained all input parameters, and some input parameters were present 
in only a few sampling locations. Input parameters present in 90% of sampling locations were identified, 
56 in total, and all sampling locations containing these parameters were included in training and testing 
libraries. Decision trees were trained with various train/test ratios varying from 10%/90% to 90%/10%. 
Each train/test ratio was tested with multiple maximum depths for the decision tree, ranging from two to 
seven. In total, 486 different models were trained for identifying significant parameters. Each model was 
generated one hundred times, each with a randomly selected initial seed, producing a total of 48,600 
alternate decision trees. 

Synthetic data generation was implemented for the pass/fail groups of each Tier III bioassay endpoint using 
the NumPy.random.normal function which outputs a normal distribution vector centered around the mean 
of each parameter in each group. Any negative values were set to 0. The resulting vectors were appended 
to the relevant parameter and saved as a .csv file for use in the decision tree model. Six hundred synthetic 
data points were generated per bioassay endpoint, 300 points that meet LPC and 300 points that do not meet 
LPC, for a total of 1,800 synthetic data points, meaning 53.8% of the training data was synthetic. This 
reliance on synthetic data lowers the overall utility of the decision tree models but is necessary to train the 
models to a reasonable accuracy. In the future, it may be necessary to lower the percentage of synthetic 
training data further through acquisition of more real-world bioassay endpoints. 
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The input parameters for the decision trees were analyzed, and input parameters present in greater than 10% 
of the original 48,600 models were selected: N = 16, 23, and 16 for water column toxicity, sediment toxicity, 
and sediment bioaccumulation potential, respectively. Sampling locations containing these parameters were 
used for the final training and testing libraries. For water column toxicity, it was determined that its 
parameters already had a normal distribution before synthetic data points were added, so its use of synthetic 
data was reduced to 300 points with the same 50/50 ratio as before, meaning 37.2% of its training data was 
synthetic and that it would be less affected by overuse of synthetic data. New models were generated with 
a constant 80%/20% train/test ratio and a maximum decision depth of 3. At least one model for each output 
parameter was tested with all input parameters available, with additional models generated with one or two 
input parameters excluded from training to account for sites lacking those measurements. Additional 
models were generated so that no parameter was present in less than 5% of models. Excluding duplicates, 
15, 22, and 14 models were produced for water column toxicity, sediment toxicity, and sediment 
bioaccumulation potential, respectively. Each set of models was combined into an ensemble model with 
the output results being a weighted average dependent on the individual models’ testing accuracy. 

RESULTS AND DISCUSSION 
 
A total of 9 USACE districts contributed 99 completed MPRSA section 103 evaluations which included 
516 sampling locations that had usable input/output mappings necessary for training and testing the ML 
algorithm. Across the 9 districts, a total of 480 possible input parameters existed for each sampling location, 
with 14 possible parameters in the Physical Attributes category, 247 in the Sediment Chemistry category, 
and 219 in the Elutriate Chemistry category (Table 1). 

The number of input parameters collected for each sampling location varied across the 9 districts. Table 2 
shows the input parameters for which each district tested for the Sediment Chemistry and Suspended Phase 
(Elutriate) Chemistry input categories. Solid Harvey Balls (●) represent a district in which all evaluations 
tested for a particular input parameter subcategory. Partial Harvey Balls (◐) represent districts that did not 
test for a particular input parameter subcategory in every evaluation (i.e., only some evaluations tested for 
the subcategory). Empty Harvey Balls (○) represent districts that did not test for a particular input parameter 
subcategory in any of the evaluations. 

The standardized template (SI1) includes all possible input parameters across the 9 districts. However, the 
frequency with which an input parameter was collected varied. For example, several input parameters (e.g., 
arsenic, cadmium) were measured in nearly all 99 evaluations, whereas other input parameters (e.g., grease) 
were measured in only a small subset of the evaluations. Additionally, some evaluations examined either 
sediment or elutriate characteristics, but not both. Because of this, many evaluations were missing input 
data for entire subcategories; however, the evaluation was still usable for ML training and testing as long 
as some input parameters were present and at least one output was present for a given sampling location in 
the evaluation. Finally, some evaluations included input data for sampling locations but no output data; this 
typically occurred if sampling locations were composited for Tier III bioassays. In these situations, the 
‘Meets LPC’ or ‘Does Not Meet LPC’ output for the composite could only be mapped to the input 
parameters for the composite and not for the individual sampling locations that comprised the composite, 
thus, those individual sampling locations had no outputs and could not be used. 
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Table 1. Input categories, subcategories, and physical attributes  
or chemical analytes in each subcategory. 

Physical Attributes # Parameters (N=14) 

Estimated Amount of Material (CY) 1 

Physical Analysis 6 

Grain Size 7 

Sediment Chemistry # Parameters (N=247) 

Total Metals (mg/kg) 24 

Organotins (µg/kg) 5 

PCB congeners (µg/kg) 49 

PAHs (µg/kg) 22 
Dioxin and Furan Congener 

Concentrations (ng/kg) 
25 

SVOCs (µg/kg) 55 

Pesticides (µg/kg) 46 

Oil and Grease (mg/kg) 2 

Sulfides and Ammonia (mg/kg) 19 

Elutriate Chemistry # Parameters (N=219) 

Metals (µg/L) 25 

Organotins (µg/L) 7 

PCBs (µg/L) 29 

PAHs (µg/L) 21 
Pentachlorophenol (PCP), Cyanide, 

Sulfide, and Ammonia 
21 

Dioxin and Furan Congener 
Concentrations (pg/L) 

18 

SVOCs (µg/L) 54 

Pesticides (µg/L) 44 
 

 
Table 2. List of input subcategories for which each district tested. 

Input Parameter Subcategory (Sediment) 

District Metals Organotin PCBs PAHs 
Dioxin 

and 
Furans 

SVOCs Pesticides 
Oil and 
Grease 

Sulfides and 
Ammonia 

SAJ ● ● ◐ ● ◐ ◐ ◐ ◐ ◐ 
SWG ● ○ ◐ ● ○ ◐ ● ◐ ● 
SAW ● ◐ ◐ ◐ ◐ ○ ◐ ◐ ◐ 
SAS ● ◐ ◐ ◐ ○ ◐ ◐ ◐ ● 
SAM ● ◐ ● ● ◐ ◐ ● ○ ● 
NAB ● ◐ ● ● ● ● ● ○ ● 
NAN ◐ ○ ◐ ◐ ◐ ◐ ◐ ○ ○ 
NAE ◐ ○ ◐ ◐ ○ ◐ ◐ ○ ○ 
NAO ● ◐ ◐ ◐ ● ◐ ◐ ○ ● 
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Table 2. List of input subcategories for which each district tested. (continued) 
Input Parameter Subcategory (Elutriate) 

District Metals Organotin PCBs PAHs 
PCP, Cyanide, 

Sulfide, and 
Ammonia 

Dioxin 
and 

Furans 
SVOCs Pesticides 

SAJ ● ● ○ ○ ◐ ○ ○ ◐ 
SWG ● ○ ○ ◐ ● ○ ◐ ● 
SAW ◐ ○ ○ ○ ◐ ○ ○ ◐ 
SAS ● ◐ ○ ○ ● ○ ○ ◐ 
SAM ◐ ◐ ○ ◐ ◐ ○ ○ ◐ 
NAB ● ◐ ● ● ● ● ● ● 
NAN ◐ ○ ◐ ○ ○ ○ ○ ◐ 
NAE ◐ ○ ◐ ○ ◐ ○ ◐ ◐ 
NAO ● ◐ ◐ ◐ ● ◐ ◐ ◐ 

Table 3 provides a summary of the compliance determinations for the 516 sampling locations provided by 
the districts. The majority of sampling locations achieved a “Meets LPC” compliance determination after 
completing the Tier III bioassays and were therefore deemed suitable for open ocean disposal. 
Approximately 9% of sampling locations (44 out of 516) resulted in a ‘Does Not Meet LPC’ determination 
and were considered unsuitable for ocean disposal. Some sampling locations yielded a ‘Does Not Meet 
LPC’ determination for more than one bioassay (e.g., 2 of the 10 sampling locations in SAJ deemed 
unsuitable for ocean disposal). Across the three Tier III bioassay outputs, there were 16 ‘Does Not Meet 
LPC’ determinations for water column toxicity, 14 for sediment toxicity, and 22 for sediment bioaccumu 
lation potential. These were deemed an insufficient number of examples for training and testing the ML 
algorithm so additional synthetic data was generated using the method described earlier. “Usable sampling 
locations” are those that had both inputs and outputs that could be mapped for ML algorithm training and 
testing. 

Table 3. Summary of evaluation and sampling location compliance determinations across Tier III 
bioassay outputs. 

District 
# 

Evaluations 

# 
Usable 

Sampling 
Locations 

# 
Sampling 
Locations 

Unsuitable for 
Ocean Disposal 

# “Does Not Meet LPC” Determinations 

Water 
Column 
Toxicity 

Sediment 
Toxicity 

Sediment 
Bioaccumulation 

Potential 

SAJ 13 71 10 4 8 
SWG 5 23 6 3 3 
SAW 9 37 0 
SAS 3 55 2 2 
SAM 12 85 11 5 2 4 
NAB 4 13 0 
NAN 22 36 8 1 7 
NAE 17 64 9 4 1 7 
NAO 14 132 1 1 

TOTAL 99 516 44 16 14 22 
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Machine Learning 

Models produced using input parameters from the three input categories to estimate Tier III bioassay 
outputs showed there is a correlation between the inputs and outputs, as seen in Figure 1. This figure 
compares accuracy to training / testing ratio for over 100 seeds for input data mapped to the Tier III water 
column toxicity bioassay output. Above a 0.7 training / testing ratio, accuracies plateau at ~71% for the 
prediction of Tier III water column toxicity bioassay results; as this ratio was consistent with general 
practice in machine learning (Liu and Cocea, 2017), it was used for all further model development. 

 
Figure 1. Correlation between train / test ratio and accuracy. 

After testing 10,000 randomly seeded decision tree models, several parameters were identified as crucial to 
the models’ decision making and therefore highly indicative of Tier III results. This can be seen in Figures 
2-4, which show the percent of models for each output that contained a given input parameter. Some input 
parameters, such as “Zinc, Elutriate”, were strong indicators, with a large majority of models using them in 
their decision-making. Parameters in Figures 2-4 are labeled based on if they are found in the Elutriate (E) 
or Sediment (S). Only parameters present in at least 5% of models are shown.  

Current model training techniques have produced a model with a testing accuracy of 96%, 89%, and 88% 
for water column toxicity, sediment toxicity, and sediment bioaccumulation potential, respectively. 
Additional data and techniques should be able to increase these accuracies. Given the present data, one 
question remains, “How much additional data may be required to establish a robust ML algorithm 
applicable to environmental testing of dredged material?” The answer is inconclusive, as additional testing 
is required. There is currently insufficient data to train the model to a highly accurate (>95%) level for 
sediment toxicity and sediment bioaccumulation potential endpoints in Tier III. Further, sediment toxicity  
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Figure 2. Percent of Tier III water column toxicity prediction models containing a given input 
parameter.  

 

 

Figure 3. Percent of Tier III sediment toxicity prediction models containing a given input 
parameter.  
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Figure 4. Percent of Tier III sediment bioaccumulation potential prediction models containing a 
given input parameter. 

 
and sediment bioaccumulation potential results are dependent on a large (>50%) amount of synthetic data 
points, implying their accuracy in a practical setting may be lower, which can be addressed with data from 
additional dredging evaluations. 

To estimate the amount of data required, it was assumed the statistical variance of current real-world Section 
103 data acquired was sufficient for water column toxicity, and that the amount of required additional data 
for sediment toxicity and sediment bioaccumulation potential could be inferred from this. The upper limit 
of the relationship between the number of required Tier III results and water column toxicity results variance 
were determined on a per-parameter basis, which in all cases were a regression of the form: 

(𝐴𝑉)஻ = 𝑅  (1) 
 
where V is the parameter’s variance from water column toxicity results, R is the number of required results, 
and A and B are fitting parameters. From the above function the number of required sites was determined 
with the results shown below in Tables 4 and 5. In both tables, parameters are labeled based on if they are 
found in the Elutriate (E) or Sediment (S). N/A means the regression had an R-Squared fit of less than 0.3 
and was not appropriate for extrapolation. 

According to Tables 4 and 5, while most parameters do not require additional results, several require an 
exceedingly high number of “Does Not Meet LPC” results that may be unrealistic to obtain.  There are 
several options for addressing this concern; the first is pruning these parameters from the ML algorithm, 
which is appropriate when the parameters are not the most significant contributors; for example, 
“Benzo[b]fluoranthene (S)” for sediment bioaccumulation potential was present in only 11% of models. 
Pruning would improve the overall ML algorithm but lower its utility by reducing the number of viable 
parameter input options. Identifying if this improvement outweighs the utility loss is recommended for 
future investigations.  
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Table 4. Estimation of additional required Tier III sediment toxicity “Does Not Meet LPC” results 
by variance extrapolation. 

Parameter A B 
Target 

Variance 
Collected 
Results 

Required 
Additional 

Results 
Anthracene (S) 1.78E-02 1.28 3.43E-04 10 0 
Arsenic (E) 209.21 0.56 6.71E-04 10 0 
Atterberg Limit, 
Plasticity Index (S) 

N/A N/A 6.71E-04 10 N/A 

Atterberg Limit, Plastic 
Limit (S) 

N/A N/A 6.71E-04 10 N/A 

Benzo[k]fluoranthene (S) 8.15E-03 1.32 2.13E-01 10 0 
Cadmium (S) 450.45 -0.45 0.20 10 0 
Chromium (S) 9.09 1.32 2.25 10 0 
Copper (S) N/A N/A 6.71E-04 10 N/A 
Fluoranthene (S) 1.18E-07 -0.13 9.73 10 0 
PCB 52 (S) 2.55E+05 0.15 1.02E-01 10 0 
Total Organic Carbon (S) N/A N/A 6.71E-04 10 N/A 
Zinc (E) 1.33E-04 -0.26 6.71E-04 10 56 

Table 5. Estimation of additional required Tier III sediment bioaccumulation potential “Does Not 
Meet LPC” results by variance extrapolation. 

Parameter A B 
Target 

Variance 
Collected 
Results 

Required 
Additional 

Results 
Arsenic (E) 1.28E-04 -0.25 6.71E-04 22 36 
Benzo[b]fluoranthene (S) 4.95E-06 -0.42 2.13E-01 22 299 
Chromium (S) N/A N/A 8.03E-02 22 N/A 
Copper (S) N/A N/A 1.98E-01 22 N/A 
PCB 52 (S) N/A N/A 2.55E-06 22 N/A 
Phenanthrene (S) 1.15E+06 -3.34 5.60E-02 22 119 
Zinc (S) 2.55E+04 -2.75 7.57E-02 22 80 

Another factor of this calculation is that these are the upper limits of required parameters. As more dredging 
evaluations are completed over the next several years, it is recommended to recalculate these properties – 
as the variance will decrease with more variables – and identify if the lacking parameters are now within 
reasonable expectations. It is reasonable to assume for the more extreme examples, such as  
Benzo[b]fluoranthene (S), that the 299 required additional results would decrease in the future, but more 
data is needed to verify this. 

CONCLUSION 

The findings of this study show that an ML algorithm can be applied to MPRSA section 103 environmental 
compliance testing for ocean disposal of dredged material and predict, with confidences varying from 88-
96%, whether Tier III bioassays will meet LPC based on physical and chemical characteristics of the source 
sediment. While sufficient data from the USACE currently exist from historical dredging evaluations to 
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train and test ML models that produce confident predictions of water column toxicity outcomes, more data 
is needed to produce confident predictions of sediment toxicity and sediment bioaccumulation potential 
outcomes, and additional evaluations with acceptable ‘input’ to ‘output’ mappings will only improve the 
strength of the ML models’ predictions for water column toxicity. Because the ‘input’ and ‘output’ 
arrangement of MPRSA section 103 Tier I/II/III datasets make them conducive to ML, evaluations can be 
converted to the standardized format (SI1) relatively easily and fed automatically into the ML model if it 
exists as a software tool. While not discussed as part of this manuscript, the authors have produced an easy-
to-use Microsoft Excel-based tool that accepts user input values for the most sensitive Tier I/II ‘input’ 
parameters (listed in Figures 2-4) and utilizes ML models on the back end to output a ‘predicted outcome’ 
and ‘confidence in prediction’ value for each of the three Tier III ‘outputs.’ Should this tool be converted 
to a web-based platform where standardized input files (following the format in SI1) can be uploaded, the 
ML models could continually learn and improve over time. 

This study shows that a ML algorithm can help optimize the way Tier III evaluations are performed and 
has the potential to reduce the cost and time associated with compliance testing when certain bioassays are 
predicted to meet LPC. This study also reveals that only a small subset – 36 parameters, or 7.5% – of the 
480 possible Tier I and II physical and chemical parameters collected in MPRSA Section 103 evaluations 
have a significant impact on Tier III outcomes. Reconsidering testing for the least influential input 
parameters may also help to reduce the cost and time associated with compliance testing. Future work 
should focus on considering conditions under which the ML model should be incorporated into MPRSA 
Section 103 guidance and investigating the use of this prediction method for inland disposal evaluations 
where Tier III testing is not a firm requirement (CWA Section 404). Additionally, further efforts should be 
dedicated to transforming the ML model developed here into a web-based platform to enable continuous 
learning and improvement, and considering how the results presented here can support potentially revisiting 
the regulations for ocean disposal in the future. 
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Input parameters across the 9 USACE Districts in a standardized format. 
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Analysis Tier [Sample Location ID]

Sediment toxicity 3
Sediment bioaccumulation potential 3

[Sample Location ID]
Est. Material

[Sample Location ID]
Specific Gravity

Specific Gravity at 20C
% Solids Mass of Total Mass
Atterberg Limits - Liquid Limit
Atterberg Limits - Plastic Limit

Atterberg Limits - Plasticity Index

[Sample Location ID]
Gravel (%)
Sand* (%)

Silt (%)
Clay (%)

USCS Description
USDA Classification

TOC (mg/kg)

Analyte [Sample Location ID]
Aluminium
Antimony
Arsenic
Barium

Beryllium
Cadmium
Calcium

Chromium
Cobalt
Copper

Iron
Lead

Magnesium
Manganese

Mercury
Nickel

Potassium
Selenium

Silver
Sodium
Thallium

Tin
Vandium

Zinc

Analyte [Sample Location ID]
Monobutyltin

Dibutyltin
Tributyltin 

Tetrabutyltin
Total Organotins (as Sn)

Congener [Sample Location ID]
PCB 8*
PCB 18*
PCB 28*
PCB 34
PCB 44*
PCB 49
PCB 52*
PCB 66*
PCB 77
PCB 87
PCB 90

PCB 101*
PCB 105*
PCB 118*
PCB 126
PCB 128*
PCB 138*
PCB 152
PCB 153*
PCB 156
PCB 158
PCB 169
PCB 170*
PCB 180*
PCB 183
PCB 184
PCB 187*
PCB 195*
PCB 196
PCB 199
PCB 201
PCB 202
PCB 206*
PCB 208
PCB 209*
PCB 84/89
PCB 87/111
PCB 90/101
Aroclor 1016
Aroclor 1221
Aroclor 1232
Aroclor 1242
Aroclor 1248
Aroclor 1254
Aroclor 1260
Aloclor-1268

TOTAL PCBs
Total PCBs (EPA Region 4)

Total PCBs (NOAA)

Analyte [Sample Location ID]
Acenaphthene†
Acenaphthylene

Anthracene†
Benzo (a) anthracene‡

Benzo (a) pyrene‡
Benzo (b) fluoranthene
Benzo (g,h,i) perylene
Benzo (k) fluoranthene

Benzo(b)/benzo(k) fluoranthene
Chrysene‡

Dibenz (a,h) anthracene‡
Fluoranthene‡

Fluorene†
Indeno (1,2,3-cd) pyrene

1-Methylnaphthalene†
2-Methylnaphthalene†

Naphthalene†
Phenanthrene†

Pyrene‡
Sum LMW
Sum HMW
Total PAHs

Organotin (µg/kg)

PCB congeners (µg/kg)

PAHs (µg/kg)

Total metals (mg/kg)

Outputs

Water column toxicity evaluation 3

Inputs (Physical Attributes, Sediment Chemistry, Suspended Phase (Elutriate) Chemistry)

Physical Attributes

Estimated Amount of Material (cy)

Physical analysis

Grain size

Sediment Chemistry
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Analyte [Sample Location ID]
2,3,7,8-TCDD

1,2,3,7,8-PECDD
1,2,3,4,7,8-HXCDD
1,2,3,6,7,8-HXCDD
1,2,3,7,8,9-HXCDD

1,2,3,4,6,7,8-HPCDD
OCDD

2,3,7,8-TCDF
1,2,3,7,8-PECDF
2,3,4,7,8-PECDF

1,2,3,4,7,8-HXCDF
1,2,3,6,7,8-HXCDF
2,3,4,6,7,8-HXCDF
1,2,3,7,8,9-HXCDF

1,2,3,4,6,7,8-HPCDF
1,2,3,4,7,8,9-HPCDF

OCDF
Dioxin TEQ
Total TCDD

Total PeCDD
Total HxCDD
Total HpCDD
Total TCDF

Total PeCDF
Total HxCDF

Analyte [Sample Location ID]
1,2,4,5-Tetrachlorobenzene

1,2,4-Trichlorobenzene
1,2-Dichlorobenzene

1,2-Diphenylhydrazine (as Azobenzene)
1,3-Dichlorobenzene
1,4-Dichlorobenzene

2,2'-Oxybis[1-Chloropropane]
2,3,4,6-Tetrachlorophenol

2,4,5-Trichlorophenol
2,4,6-Trichlorophenol
2,4-Dichlorophenol
2,4-Dimethylphenol
2,4-Dinitrophenol
2,4-Dinitrotoluene
2,6-Dinitrotoluene

2-Chloronapthalene
2-Chlorophenol
2-Methylphenol
2-Nitrophenol
2-Nitroaniline

3,3'-Dichlorobenzidine
3-Nitroaniline

4,6-Dinitro-2-Methylphenol
4-Bromophenyl Phenyl Ether

4-Chloro-3-Methylphenol
4-Chlorophenyl Phenyl Ether

4-Chloroaniline
4-Methylphenol
4-Nitrophenol
4-Nitroaniline

Benzidine
Benzoic Acid

Benzyl Alcohol
Bis(2-Chloroethoxy)Methane

Bis(2-Chloroethyl)Ether
Bis(2-Chloroisopropyl) Ether
Bis(2-Ethylhexyl)Phthalate

Butyl Benzyl Phthalate
Dibenzofuran

Diethyl Phthalate
Dimethyl Phthalate

Di-N-Butyl Phthalate
Di-N-Octyl Phthalate
Hexachlorobenzene

Hexachlorobutadiene
Hexachlorocyclopentadiene

Hexachloroethane
Isophorone

Methylphenol, 3 & 4
Nitrobenzene

N-Nitrosodimethylamine
N-Nitrosodi-N-Propylamine

N-Nitrosodiphenylamine
Pentachlorophenol

Phenol

Analyte [Sample Location ID]
2,4´-DDD
2,4´-DDE
2,4´-DDT
4,4´-DDD
4,4´-DDE
4,4´-DDT

DDT (total)
Aldrin

alpha-BHC
alpha- Chlordane

beta-BHC
beta-Chlordane

Chlorpyrifos
Chlordane (Technical)

Chlorobenside
cis- Chlordane
cis- Nonachlor

Dacthal
DCPA

delta-BHC
Dieldrin

Endosulfan I
Endosulfan II

Endosulfan Sulfate
Endrin

Endrin aldehyde
Endrin ketone

gamma- BHC (Lindane)
gamma- Chlordane

Heptachlor
Heptachlor epoxide

Methoxychlor
Mirex

Oxychlorda ne
Toxaphene

trans- Chlordane
trans- Nonachlor

Total Chlorinated Pesticides
Azinphos-methyl

Bolstar
Coumaphos

Demeton, total
Ethyl Parathion

Malathion
Methyl Parathion

Parathion

Sample ID [Sample Location ID]
Oil and Grease

Total Petroleum Hydrocarbons

Oil and Grease (mg/kg)

Pesticides (µg/kg)

Dioxin and Furan Congener Concentrations (ng/kg)

SVOC (µg/kg)
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Sample ID [Sample Location ID]
Acid Volatile Sulfides

Ammonia
Ammonia, Distilled

Ammonia as Nitrogen
Biochemical Oxygen Demand

Bromide
Chemical Oxygen Demand

Chloride
Cyanide, Total

Flouride
Nitrate as N
Nitrite as N

Nitrate Nitrite as N
Nitrogen, KJELDAHL

Phosphate
Total Phosphorus as P

Sulfate
Sulfides

Sulfide, Total

Analyte [Sample Location ID]
Aluminum
Antimony
Arsenic
Barium

Beryllium
Cadmium
Calcium

Chromium
Chromium, Hexavalent

Cobalt
Copper

Iron
Lead

Magnesium
Manganese

Mercury
Nickel

Potassium
Selenium

Silver
Sodium
Thallium

Tin
Vanadium

Zinc

Analyte [Sample Location ID]
Monobutyltin

Dibutyltin
Tributyltin 

Tetrabutyltin
n-Butlytin

Di-n-butyltin
Total Organotins as Tin

Congener [Sample Location ID]
PCB 8*
PCB 18*
PCB 28*
PCB 44*
PCB 49
PCB 52*
PCB 66*
PCB 77
PCB 87
PCB 90

PCB 101*
PCB 105*
PCB 118*
PCB 126
PCB 128*
PCB 138*
PCB 153*
PCB 156
PCB 158
PCB 169
PCB 170*
PCB 180*
PCB 183
PCB 184
PCB 187*
PCB 195*
PCB 206*
PCB 209*

TOTAL PCBs

Analyte [Sample Location ID]
Acenaphthene†
Acenaphthylene

Anthracene†
Benzo (a) anthracene‡

Benzo (a) pyrene‡
Benzo (b) fluoranthene
Benzo (g,h,i) perylene
Benzo (k) fluoranthene

Chrysene‡
Dibenz (a,h) anthracene‡

Fluoranthene‡
Fluorene†

Indeno (1,2,3-cd) pyrene
1-Methylnaphthalene†
2-Methylnaphthalene†

Naphthalene†
Phenanthrene†

Pyrene‡
Sum LMW
Sum HMW
Total PAHs

Analyte [Sample Location ID]
Ammonia (µg/L)

Ammonia, Distilled (mg/L) †
Ammonia as Nitrogen (mg/L)
Biochemical Oxygen Demand

Bromide
Chemical Oxygen Demand

Chloride
Cyanide (µg/L)

Total Organic Carbon (mg/L)
DOC (µg/L)

Fluoride
Nitrate-Nitrite
Nitrate as N
Nitrite as N

Total KJELDAHL Nitrogen
PCP (µg/L)
Phosphate

Phosphorus

Sulfate

Sulfide (µg/L)

Total Suspended Solids

Pentachlorophenol (PCP), Cyanide, Sulfide, and Ammonia

PAH (µg/L)

Sulfides and Ammonia (mg/kg)

Suspended Phase (Elutriate) Chemistry
Metals (µg/L)

Organotin (µg/L)

PCB (µg/L)
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Analyte [Sample Location ID]
2,3,7,8-TCDD

1,2,3,7,8-PECDD
1,2,3,4,7,8-HXCDD
1,2,3,6,7,8-HXCDD
1,2,3,7,8,9-HXCDD

1,2,3,4,6,7,8-HPCDD
OCDD

2,3,7,8-TCDF
1,2,3,7,8-PECDF
2,3,4,7,8-PECDF

1,2,3,4,7,8-HXCDF
1,2,3,6,7,8-HXCDF
2,3,4,6,7,8-HXCDF
1,2,3,7,8,9-HXCDF

1,2,3,4,6,7,8-HPCDF
1,2,3,4,7,8,9-HPCDF

OCDF
Dioxin TEQ

Analyte [Sample Location ID]
1,2,4,5-Tetrachlorobenzene

1,2,4-Trichlorobenzene
1,2-Dichlorobenzene

1,2-Diphenylhydrazine (as Azobenzene)
1,3-Dichlorobenzene
1,4-Dichlorobenzene

2,2'-Oxybis[1-Chloropropane]
2,3,4,6-Tetrachlorophenol

2,4,5-Trichlorophenol
2,4,6-Trichlorophenol
2,4-Dichlorophenol
2,4-Dimethylphenol
2,4-Dinitrophenol
2,4-Dinitrotoluene
2,6-Dinitrotoluene

2-Chloronapthalene
2-Chlorophenol
2-Methylphenol
2-Nitrophenol
2-Nitroaniline

3,3'-Dichlorobenzidine
3-Nitroaniline

4,6-Dinitro-2-Methylphenol
4-Bromophenyl Phenyl Ether

4-Chloro-3-Methylphenol
4-Chlorophenyl Phenyl Ether

4-Chloroaniline
4-Methylphenol
4-Nitrophenol
4-Nitroaniline

Benzidine
Benzoic Acid

Benzyl Alcohol
Bis(2-Chloroethoxy)Methane

Bis(2-Chloroethyl)Ether
Bis(2-Chloroisopropyl) Ether
Bis(2-Ethylhexyl)Phthalate

Butyl Benzyl Phthalate
Dibenzofuran

Diethyl Phthalate
Dimethyl Phthalate

Di-N-Butyl Phthalate
Di-N-Octyl Phthalate
Hexachlorobenzene

Hexachlorobutadiene
Hexachlorocyclopentadiene

Hexachloroethane
Isophorone

Methylphenol, 3 & 4
Nitrobenzene

N-Nitrosodimethylamine
N-Nitrosodi-N-Propylamine

N-Nitrosodiphenylamine
Phenol

Analyte [Sample Location ID]
2,4´-DDD
2,4´-DDE
2,4´-DDT
4,4´-DDD
4,4´-DDE
4,4´-DDT

DDX (total)
Aldrin

Alpha-BHC
alpha-Chlordane

Beta-BHC
Beta-Chlordane
Chloropyrifos

Chlordane (Technical)
Chlorobenside
cis-Chlordane
cis-Nonachlor

Dacthal
DCPA

Delta-BHC
Dieldrin

Endosulfan I
Endosulfan II

Endosulfan Sulfate
Endrin

Endrin Aldehyde
Endrin Ketone

gamma-BHC (Lindane)
gamma- Chlordane

Heptachlor
Heptachlor epoxide

Methoxychlor
Mirex

Oxychlordane
Toxaphene

trans-Chlordane
trans-Nonachlor

Total Chlorinated Pesticides
Azinphos-methyl
Demeton, total
Ethyl Parathion

Malathion
Methyl Parathion

Parathion

Pesticides (µg/L)

Dioxin and Furan Congener Concentrations (pg/L)

SVOC (µg/L)
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appropriate illustrations, figures, and equations. Papers must be appropriately cited to show that the work is 
scientifically sound and based upon previously published scientific literature. Published manuscripts will not 
exceed 20 total pages. Appendices are not allowed. 

Manuscript preparation information, formatting requirements, and submission information can be found at 
https://www.westerndredging.org/journal. Authors are encouraged to use the Microsoft Word template provided 
on that webpage to facilitate proper manuscript formatting. 

Authors will be responsible for producing the final, print-ready versions of the paper and providing them to the 
journal in PDF format unless other arrangements are made in advance with the Editor. The journal will be 
reproduced directly from the camera-ready manuscripts supplied by the authors. 

Copyright of published papers will be the property of the Western Dredging Association. Authors are granted 
permission to reprint the paper, provided the copyright information is retained. 
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