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1 Introduction

For our project we are investigating if Deep Learning (DL) can be applied to improve salmon
forecasting models. Salmon are an important ecological, cultural, and economic species. Salmon are
considered to be a keystone species which means that they are the essential kog in their ecosystem
(Kurlansky, 2020). As previously mentioned, salmon are an essential economic resource. Salmon
fishing contributes over $688 million to the US economy (American seafood industry steadily
increases its footprint, 2015). Due to its commercial significance, salmon managers have to release a
yearly forecast of salmon returns to estimate the amount of salmon that can be harvested. This is
where our project comes into the fold. We are trying to see if we can use DL to improve these salmon
forecasts. The salmon forecast is a vital tool in monitoring salmon stocks for commercial, tribal, and
recreational harvests (McCormick & Falcy, 2015). If less salmon return than the predicted amount,
the fisheries may over harvest and not allow enough salmon to return to the spawning grounds. If
more salmon return than the predicted amount, the fisheries may under harvest the resource which
would could cost the local economy millions due to missed fish (McCormick & Falcy, 2015). Because
of the significance of the forecast, resource managers have tried to improve the traditional forecasting
methods, however, surprisingly to our team, DL remains a relatively unexplored method. For our
research, we are going to explore if DL techniques applied to salmon forecasting can improve
forecasting models. The input into our model is a time-series dataset of Chinook ("King") Salmon
counts at Bonneville Dam on the Columbia River on daily and monthly time-steps. We then used
Neural Networks (NN), Recurrent Neural Networks (RNN), Grated Recurrent Units (GRU), and
Long-Short Term Memory (LSTM) models to predict the amount of salmon that would return to the
dam each day or each month. For example, we use the past 180 days to predict the 181th day.

2 Related work

There has been very little work conducted on using ML to forecast salmon runs and even less
work utilizing more modern algorithms. Zhou (2003) and McCormick & Falcy (2015) attempted
to show the effectiveness of Artificial Neural Networks (ANNs) when compared to traditional
forecasting methods which have relied heavily on standard regression (such as linear regression,
sibiling regression, ridge regression, and lasso regression)(Burke et al. 2013; Hand & Haeseker,
2011). However, the ANNs were not able to demonstrate significant improvement over traditional
forecasting methods. Xu et al (2020) and Hilborn et al (2020) were the next papers to conduct research
on the potential of using machine learning to improve salmon forecasting. Yet, unlike McCormick &
Falcy, both papers were able to demonstrate an improvement over traditional forecasting methods
and recommend that machine learning techniques be incorporated into current models. In Hilborn et
al., for example, the new models were able to improve forecasting on every river system modeled
when compared to the traditional forecasts. Yet, no model was able to perform successfully across all
river systems and age classes (Hilborn et al., 2020). Both papers primarily focused on using non-DL
architectures such as Random Forest and Boosted Regression Trees although Hilborn attempted to

CS230: Deep Learning, Winter 2018, Stanford University, CA. (LateX template borrowed from NIPS 2017.)



use RNNs but did not publish any information about their performance (Hilborn et al., 2020; Xu
et al., 2020). Clearly, one of the biggest weaknesses of the current literature is the lack of research
being done on using DL to predict salmon runs. Our project attempts to fill this gap in the research
and tries to gain insight on whether DL, specifically recurrent neural networks, are a viable option for
salmon forecasting.

3 Dataset and Features

For our salmon abundance data we are using Adult Passage data from Columbia River DART
(Data Access in Real Time) repository developed by Columbia Basin Research. This adult passage
data is a time-series data set with daily salmon counts taken from Bonneville Dam dating back to
1938 (Columbia River DART, 2021). This data was combined into a multivariate input with other
correlated covariates to salmon survival. These covariates are Bakun Upwelling index taken from
45N 125W (location outlined in Burke et al (2013)), Northern Oscillation Index (NOI), North Pacific
Grye Osciallation (NPGO), Pacific Decdal Osciallation (PDO), Oceanic Niño Index (ONI). These
environmental co-factors are known to affect fish survival in the North Pacific and play a correlated
role in predicting salmon survival at sea (Burke et al., 2013). This data was gathered from a variety
of public data repositories and is on a monthly time-stamp dating back to 1950 (Bakun 1973; Di
Lorenzo et al., 2008; ERDDAP 2021; Jacox et al., 2018; Japan Meteorological Agency 2006; Mantua
et al., 1997; Newman et al 2016; PSL 2021).

The Bakun Upwelling index is the standard upwelling index used in marine science dating back to the
20th century. Upwelling serves as a proxy for how productive the ocean is (Bakun 1973., 1997; Jacox
et al., 2018). The NOI measures climate variability between the North Pacific High and the tropics.
This is a proxy for the temperature and productivity in the entire North Pacific Basin (Schwing et al.,
2002). Similarly, NPGO also servers as a proxy for temperature and the productivity in the North
Pacific (Di Lorenzo et al., 2008). Full basin-scale indices were also used such as PDO and ONI.
These were proxies for temperature and climate shifts in the Pacific Ocean (Di Lorenzo et al., 2008;
Mantua et al., 1997; Newman et al., 2016).

Our dataset consisted of 24,734 days or 992 months of salmon count data. This data was initially
prepossed down to 24,369 days for our single-variable daily models and 984 months for our single-
variable monthly models. The daily data was broken down on a 180 day time-stamp to predict the
181st day salmon count. This was done from 1939 to 2015 for our training set and 2016 to 2020 for
our test set. For the monthly models, the data was broken down to take the last 6 months of data to
predict month 7 salmon count. Again, our training set was split to take all months from 1939 to 2015
and our test set was split to predict on 2016 to 2020. No development set was used due to the smaller
nature of our dataset.

For the multi-variable models, the monthly salmon data was used starting in 1950. January 1950
was chosen as the starting year for our environmental model because this is the earliest where we
could get data for all our variables. Here, we have a total of 852 examples x 6 features (Salmon count,
Upwelling, NOI, NPGO, PDO, ONI). This was then split down into 792 x 6 examples for our training
set, 54 x 6 examples for our development set, and 54 examples for our test set. We chose to use a
development set for these more complicated models to be able to analyze if the model is overfitting
due to the increase amount of data.

4 Methods

4.1 Baseline

To evaluate our DL algorithms, we had to develop a series of baselines on the salmon data. We used
linear regression, lasso regression, and ridge regression to create our baseline. Although there are
other methods for forecasting salmon, such as moving average or Beverton-Holt stock-recruitment
models, linear regression made the most sense due to nature of our data (daily and monthly time-
step)(McCormick & Falcy, 2015). Furthermore, linear regression, and versions of linear regression,
have been used to forecast salmon returns (Hand & Haeseker, 2011). Linear regression models the
correlation between two variables by attempting to fit a linear equation to the data. It follows the
formula of Y = a + b*X, where X is the independent variable and Y is the dependent variable.
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We also chose to incorporate lasso (L1) and ridge (L2) regression as other baselines. This gave us
more data points to test our model. Lasso regression is very similar to linear regression but adds in
L1 regularization. This works by penalizing the model to the absolute value of the magnitude of
coefficients. This, in essence, knocks out certain coefficients and makes the model simpler which can
improve forecasts. On the other hand, ridge regression use L2 regularization. L2 regularization puts a
penalty on the model equal to the square of the magnitude of the coefficients. This shrinks all the
coefficients by the same amount.

4.2 Fully Connected Neural Network (NN)

The next model, in order of increasing complexity, is a fully connected neural network. We built a
4-layer neural network for both the daily and monthly data. On the daily data, the model takes in
the last 180 days of data and predicts the number of salmon on the 181th day. On the monthly data,
the model takes in the last 6 months and predicts the number of salmon that return in month 7. This
prediction is then compared to actual number of salmon on that day and the loss is computed. The
loss function that we used is mean squared error because it is common in DL time-series problems
(Bernhard, 2020; Brownlee 2018).

4.3 Recurrent Neural Network (RNN)

We also built a Recurrent Neural Network on both the daily and monthly data. We choose to build an
RNN due to its increasing popularity in time-series forecasting (Bernhard, 2020). This RNN came in
a simple and deep variety. The simple network had only a single layer plus one dense single node
layer while the deep network used 4 recurrent layers and single node dense layer. The RNN was built
in a many to one fashion taking in an input of 180 days (on the daily model) and producing a single
output of the 181th day. The loss function was mean squared error.

4.4 Grated Recurrent Unit (GRU)

Going off the RNN, we also explored a Grated Recurrent Unit. GRU, like RNNs, have become more
in fashion for time-series forecasting (Bernhard, 2020; Brownlee, 2018). Our GRU model was built
in both a simple and robust manner, with the simple having one layer plus one dense single node
layer and robust having 4 GRU layers plus one dense single node layer. Our loss function was mean
squared error.

4.5 Long-Short Term Memory (LSTM)

The final model we built was a simple and deep Long-Short Term Memory on both the daily and
monthly data. LSTM are the most powerful recurrent network and, like other recurrent-based
networks, have started to be used more and more for time-series applications. Both our simple and
deep LSTM are built in a many-to-one design taking X number of inputs (days, months, years) and
produceing a single Y output (number of salmon on a day, month, or year). Our simple LSTM had 1
LSTM layer with one single node dense layer. Our deep layer had 4 LSTM recurrent layers. The loss
function was mean squared error.

4.6 Loss Function:

Mean Squared Error
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Figure 1: Results of all models

5 Experiments/Results/Discussion

5.1 Experiments

First and foremost, we want to make it clear that out project is focused more on the comparison across
different DL models instead of extensive hyper-parameter tuning, to get a broad idea of whether
or not DL is a viable or promising approach for improving salmon forecasting. One of the things
we experimented with was our optimizer. We had initially started with SGD, but when we saw that
this made our models struggle to converge their loss function, we switched to the Adam optimizer.
Adam worked much better and we decided to use it in all of our models for consistency. Another
hyperparamter we experimented with was mini batch size. For our all GRU models except our multi
variable models, we used a mini batch size of 150. We used a larger mini batch size for the multi
variable models of 1,000 in order to speed up the computation and allow for smoother convergence of
the loss. We followed the same scheme for our LSTM models, excpet that our multi variable shallow
LSTM provided better results when ran on a mini batch size of 2000. For our classic RNN models,
we used a small mini batch size of 64 to speed up convergence, at the cost of increased oscillation of
the loss. For the multi variable RNN models, we used a mini batch size of 100 as we found it to deal
better with the addition of 5 more covariates. Finally, we used a mini batch size of 100 for our fully
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connected Neural Networks, however we did not experiment much with these as they predominantly
serve as a baseline.

5.2 Evaluation Metric:

Since this is a regression model, we used root mean squared error (RMSE) as our evaluation metric
for all models. At one point in the project, we were comparing our models’ results to the traditional
yearly salmon forecasts (using official forecasting data), however we quickly realized that we were
not making a fair comparison since we are using the last 180 days to make a prediction on the
following day, whereas the traditional forecast uses the last couple years to predict the following
year. After this realization, we created basic linear regression baselines that included a classic linear
regression model, a linear regression model with Lasso penalization, and a linear regression model
with Ridge penalization that uses the same 180 day input to 1 day output scheme as our models in
order to have a more fair comparison.

5.3 Quantitative Results:

See figure 1.

5.4 Qualitative Results:

Overall, our models that use a daily time stamp work significantly better than those with a monthly
time stamp. This makes sense since a daily time series significantly increases the amount of data
we have, thus making it a more apt model for DL. More specifically, our shallow RNN, LSTM, and
GRU, that only take daily salmon count as input, seemed to work the best on daily time stamps. On
the other hand, our LSTM models (all LSTM models listed in section above) seem to be performing
the worst. We hypothesize that this is due to the cyclical/seasonal nature of our time series, which
contains long stretches of zeros. The long term correlation capabilities of the LSTM may be focusing
too much on these zeros and doing a worse job on the actual salmon runs. Overall, our models with
multi variable input fail to add any level of skill to our established monthly predictions. This is
because we are overfitting the training set. Please refer to section 5.3 on row "deep multivar RNN".
This model had very low train set RSME, but a much higher RMSE on the test set. If we had more
time, it would be great to do our own analysis as to which covariates add the most skill to the model,
instead of relying on the analysis of previous studies to select covariates. Although there is a plethora
of evidence that our environmental covariates are useful markers for salmon runs, nobody has ever
tried using this data in DL models, therefore further analysis may have to be done.

6 Conclusion/Future Work

There is potential that Deep Learning could be utilized to improve salmon forecasting. The simple
GRU was able to out perform the baseline on the monthly data. However, on the daily data, our
baseline regression methods and DL models performed about the same with Lasso Regression having
the lowest error. This was surprising considering that daily models were fed the largest amount
of data and DL algorithms tend to perform better in big data scenarios. We think that maybe this
occurred due to the lack of environmental data in the daily models. In the multi-variable models, the
majority of our DL models outperformed the baseline.

If we had more time, we would have like to build these models further and add in the yearly time-
stamp data as well. Furthermore, we would have incorporated more models to compare to our DL
algorithms. It would also be interesting to apply transfer learning to see if the model could produce
good results on other river systems. Currently, our model is only trained on salmon that return to the
Columbia River so it would be interesting to see if we could successfully forecast salmon that return
to the Sacramento River, for example. If this ended up being the case, then it would show that using
DL as a forecasting tool is scalable and could replace current forecasting methods.
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7 Contributions

Everyone contributed to the project. Ismael focused primarily on model development, data prepos-
sessing, and cleaning of code. Chris helped with biological background, dataset creation, and model
development. Abdul worked on logistics (GitHub, AWS), model development, and model training.
However, everyone worked together and collaborated across each other’s responsibilities.

8 Code

https://github.com/Abdul-Omira/SalmonNet
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