
Long Term Ground Water Monitoring 
Using LSTM Algorithm for Anomaly 

Detection
Jayesh Soni

2023 GLOBAL SUMMIT ON ENVIRONMENTAL REMEDIATION

Postdoctoral Associate
Applied Research Center

Florida International University

Co-Authors
Haruko Wainwright, Massachusetts Institute of Technology

Zexuan Xu, Lawrence Berkeley National Laboratory
Himanshu Upadhyay, Florida International University



Significance
• Early detection can prevent long-term environmental damage.

• Ensures safe water quality for consumption and ecological balance.
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Indicative of Larger Issues:
• Environmental: Contamination, infiltration of pollutants.

• Mechanical: Sensor malfunctions, equipment failures.
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How to develop reliable AI-powered System?
CHALLENGES

Theory

Systems

Applications

- How to build rigorous and robust deep learning model?

- How to reduce the False Alarm Rate in a complex 
 environment?

- How to reduce the training time of the deep learning
 algorithms?

Future WorkSystem Overview
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1) Normalization
2)   Split the dataset into training,
 validation and testing
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Motivation Future Work
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DepthToWater

Sensor Dataset

DatasetSystem Overview LSTM Result



7

Encoding the prefix sequence Decoding the suffix sequence

LSTM LSTM

[𝑥0
1] [𝑦0

1]

ℎ𝑜 ℎ𝑖 ℎ𝑖+1…

[ො𝑦0
1]

Loss Function ℒ(ෞ𝜔 , 𝜔′)

LSTMLSTM

Batch Gradient Descent (BGD)

)𝜃 =  𝜃 −  𝜂. 𝛻𝜃 𝐽(𝜃

Underfitting

Stochastic Gradient Descent (SGD)

൯𝜃 =  𝜃 −  𝜂. 𝛻𝜃 𝐽(𝜃; 𝑥 𝑖; 𝑦𝑖

Overfitting

Mini-Batch Gradient Descent (MGD)

൯𝜃 =  𝜃 −  𝜂. 𝛻𝜃 𝐽(𝜃;  𝑥 𝑖:𝑖+𝑛 ; 𝑦 𝑖:𝑖+𝑛

Needs 𝑛 before training 

[𝑥0
2] [𝑥0

3]
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Related Work

• Static Value 

• Fixed Value with no convergence

    guarantee

Dy-BnLR Tuner:

• Hybrid BatchSize and LR

• Dynamic Tuning at runtime

• Temporal Weighted Correlations

• Apply to Different NNs
• Linear Scaling Rule 

• Straighforward Rule

• Gradual Scheme 

• Constraints: Tune at Epoch Level
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Gradient Warmup Loss Derivation Weighted Loss Update BatchSize
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Dynamic BatchSize-LR Update Technique
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Gradient Warmup Loss Derivation Weighted Loss Update BatchSize

𝐵 = 𝑁

Dynamic BatchSize-LR Update Technique
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Gradient Warmup Weighted Loss Update BatchSize

𝐵 = 𝑁

Loss Derivation

ℒ(𝜃) =
1

𝐵
෍

𝑖=0

𝐵−1

ℒ(𝑋[𝑖], 𝜃)

𝜃𝑘+1 = 𝜃𝑘  − 𝜂
1

𝐵
෍

𝑖=0

𝐵−1

𝛻ℒ(𝑋[𝑖], 𝜃)

Dynamic BatchSize-LR Update Technique
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Gradient Warmup Update BatchSize

𝐵 = 𝑁

Δ𝐵𝑆 = ෍

𝑘=𝑖−1

0

(𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑𝐵𝑆  ∗ 𝑊𝑒𝑖𝑔ℎ𝑡𝑖)

 ℒ𝐵𝑆𝑘 − ℒ𝐵𝑆𝑘+1 
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1

2𝑖−𝑘*
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 ℒ𝐵𝑆1 −  ℒ𝐵𝑆2 

𝑚𝑎𝑥 ( ℒ𝐵𝑆1 , ℒ𝐵𝑆2 )
* 𝑤1+

+ ……. 
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𝐵
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1

𝐵
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𝑖=0

𝐵−1

𝛻ℒ(𝑋[𝑖], 𝜃)

Dynamic BatchSize-LR Update Technique
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Gradient Warmup

𝐵 = 𝑁

𝜃𝑘+1 = 𝜃𝑘  − 𝜂
1

𝐵
෍

𝑖=0
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0

(𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑𝐵𝑆  ∗ 𝑊𝑒𝑖𝑔ℎ𝑡𝑖)

 ℒ𝐵𝑆𝑘 − ℒ𝐵𝑆𝑘+1 
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 ℒ𝐵𝑆𝑖−2 −  ℒ𝐵𝑆𝑖−1 

𝑚𝑎𝑥 ( ℒ𝐵𝑆𝑖−2 , ℒ𝐵𝑆𝑖−1 )
* 𝑤𝑖−1+

 ℒ𝐵𝑆1 −  ℒ𝐵𝑆2 

𝑚𝑎𝑥 ( ℒ𝐵𝑆1 , ℒ𝐵𝑆2 )
* 𝑤1+

+ ……. 

Weighted LossLoss Derivation Update BatchSize

Epoch 1

BatchSize

Epoch 2

LR

Epoch 3

BatchSize

Epoch 4

LR …..

ℒ(𝜃) =
1

𝐵
෍

𝑖=0

𝐵−1

ℒ(𝑋[𝑖], 𝜃)

Dynamic BatchSize-LR Update Technique
Motivation Future WorkSystem Overview LSTMDataset Result

9



LSTM 𝑓∗
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LSTM 𝑓∗ LSTM 𝑓∗ LSTM 𝑓∗ LSTM 𝑓∗ LSTM 𝑓∗

Anomaly Detection
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Results
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Results

12

Motivation Result Future WorkSystem Overview LSTMDataset



Results

Smoothing Technique: Noise reduction noise and filter out high-frequency fluctuations. 
Differencing method: Eliminate daily fluctuations or seasonality patterns. 
Normalization: To ensure consistency. 13
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Anomaly Detection Animation
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Explainable & Verifiable AI

• How to improve DL explainability?
   Feature Space, intermediate process

Future Work

Deep Learning AD

Rigorous and robust AI

• How to verify and support online learning?
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Motivation

Thank You
Questions ?

Presenter:
Jayesh Soni

Email: jsoni@fiu.edu
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