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Good afternoon, everyone, thank you for coming to my PhD defense. 

My name is Hongyang Shi, I am working with Dr. Xiaobo Tan in the department of electrical and computer engineering. 

My dissertation topic is soft pressure sensing system with application to underwater sea lamprey detection. 
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Literally, this dissertation will talk about three aspects:

The research object, an invasive species, sea lamprey;
The study method, soft pressure sensors;
And the proposed solution, an automated sea lamprey detection system.
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Here is the table of contents. I will first introduce the sea lampreys and the sea lamprey control program, then I will present the measurement of sea lamprey suction pressure dynamics. 

In the third and fourth chapter, I will talk about the soft capacitive pressure sensors and the soft piezoresistive pressure sensors I developed for pressure mapping. After that, I will show the automated soft pressure sensor array-based sea lamprey detection using machine learning. Finally, I will provide the conclusion remarks and propose some future work.
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1. Introduction: sea lampreys

« Sea lamprey, a parasitic invasive fish species that invaded the Great Lakes in the 1930s.

 Each sea lamprey can kill up to 40 Ibs. of host fish in its lifetime.

«  Contribute to collapse of the major fish stocks in the Great Lakes (valued $4.5 billion annually).

«  Sea lampreys rest during upstream migration for spawning, when they suck and attach to a surface.

« Distinct pressure pattern: positive on the mouth rim, negative inside the rim.

[1] https://www.usgs.gov/news/national-news-release/sea-lamprey-mating-pheromone-registered-us-environmental-protection
[2] https://www.michiganseagrant.org/lessons/lessons/by-broad-concept/life-science/sea-lamprey/
[3] https://seas.umich.edu/news/great-lakes-invasive-species-controlling-sea-lamprey-populations
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So, sea lamprey is an invasive fish species that invaded the Great Lakes in the 1930s from the Atlantic Ocean. The juvenile sea lampreys are parasitic animals, each of they can kill up to 40 pounds of host fish during its lifetime. The sea lampreys contributed to the collapse of major fish stocks in the Great Lakes valued 4.5 billion dollars annually.

And here are prominent characteristics of the sea lampreys. They rest during upstream migration for spawning, when they suck and attach to a surface such as a host fish or a rock. The pressure pattern is distinct, positive on the mouth rim while negative inside the rim.

https://www.usgs.gov/news/national-news-release/sea-lamprey-mating-pheromone-registered-us-environmental-protection
https://www.michiganseagrant.org/lessons/lessons/by-broad-concept/life-science/sea-lamprey/
https://seas.umich.edu/news/great-lakes-invasive-species-controlling-sea-lamprey-populations
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1.—Introduction: sea lamprey control program
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In order to control the sea lamprey invasion and restore the fish community, the Great Lakes Fishery Commission has developed multiple control techniques, such as lampricides, sterile-male-release technique, migratory barriers and traps, and selective fishway. 

The selective fishway is designed to allow native and desirable fishes to pass dams while preventing passage of sea lampreys. One of the key problems of implementing a selective fish passage is when to trigger the fishway operation? The answer is that we need an efficient solution for real-time sea lamprey detection.
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1.— Introduction: sea lamprey detection

Video analysis

« Species morphological differences
* Image quality (water, light, ...)
« Massive quantities of data

« Computationally intensive algorithms

Nostril
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Video analysis has been used or proposed to distinguish some species based on morphological differences, but image quality may not be suitable under a broad range of conditions.

On the other hand, attachment by suction is a prominent trait of sea lampreys among freshwater fishes in the Great Lakes. This trait could be utilized to develop the real-time detection system. It is not affected by the light conditions, and usually require less data to generate the mapping contour of pressure distribution. Therefore, this work will focus on the pressure sensing method for sea lamprey detection.
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So far, we have developed a low-cost and efficient soft pressure sensor array for underwater sea lamprey detection. But there is another problem, it requires human intervention to look at the data and decide whether and when there is a sea lamprey attachment. 

Can we make this sea lamprey detection system automated?
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5.—1 Sea Lamprey Detection With Machine Learning

Objectives:

« Automatically recognize patterns in the measured data;

» Accomplish proper classification of patterns and estimation of location & size;
» Provide information for the decision of a selective fishway operation;

« Support assessment of sea lamprey populations...

Approaches:
» Learning features from the data vs. from the generated mapping contour images;

« Ultilize suitable object detection algorithms.
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The answer is yes. Basically, we expected the automated system to automatically recognize patterns in the measured data, and accomplish proper classification and estimate the attachment location and size.

This could be achieved by using some machine learning methods to learn features from the data or from the generated contour images. In particular, they can be some object detection algorithms.
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5.2 Object Detection Frameworks

( Object detection methods:
= Non-neural approaches:
» Viola-Jones Detector (2001)
 HOG Detector (Histogram of Oriented Gradients,2006)

|:|Classiﬁcation§

= Neural network approaches:

- Mask R-CNN (2017)

* RetinaNet (2017)

* Two-stage object detectors:
 R-CNN (Region proposal with CNNs, 2013)
« Fast R-CNN and Faster R-CNN (2015)

« One-stage object detectors:
« SSD (Single Shot MultiBox Detector, 2016)

\ «  YOLO (You only look once, 2016)

|:| Regression

Input Image Feature extractor

(a) Two-stage Faster R-CNN

Detection generator

|:|Class'rﬁcatinn
DRegression

Input Image Feature extractor

(b) One-stage RetinaNet

https://stackoverflow.com/questions/65942471 /one-stage-vs-two-stage-object-detecty
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There are many popular object detection frameworks. They can be categorized into two classes, the non-neural approaches, including V-J face detector and HOG detector, and the neural network approaches. With the development of the detection algorithms, the neural network approaches evolve from the two-stage object detectors to the one-stage object detectors with faster inference speed. 

This is because the one-stage detectors predict bounding boxes over the images without the region proposal step in the two-stage detectors. 
We will evaluate SSD, RetinaNet, and YOLO for the sea lamprey detection purpose.
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5.—2 Object Detection Frameworks

A quick test of the YOLOvV5 detection networks.
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So it was exciting to test these open-source object detection algorithms immediately using some pictures.

For instance, the YOLOv5 detection networks can recognize some people and a dog from the family photo.

And in another trial, the detection networks regard the mouth of the sea lampreys as some “donuts”. This is interesting as the default classes for the pre-trained model did not include lamprey dataset, but they had some similar class, the donut. 
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5.—3 Dataset: Mapping Contour Patterns

» Relative change in measured resistance:
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Thus, we need to make our own sea lamprey dataset. We finally choose the mapping contour plots converted from the measurement data as the input image dataset for the machine learning networks. 

We conducted 120 groups of sea lamprey experiments, and from all the mapping contour images, we collected 3,094 contour images for training and validating our machine learning models. 

They were typically categorized into two types, the compression pattern and the suction pattern.
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5.4 Image Annotation

« RetinaNet label format: (class, X;min, Vimins Xmax> Ymax)
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We made the annotations for the images of both compression and suction patterns.

Different object detection frameworks use different annotation format. For instance, RetinaNet uses this format,
(Class, x_min, y_min, x_max, y_max), where these four coordinates are pixel-wize value.

On the other hand, the object detector SSD and YOLO use (class, the normalized center coordinates, and the normalized width and height) as their label format.
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5.5 Assessment of Three Object Detectors
Table 5.1. Statistics of the Sea Lamprey Dataset.

Compressmn Pattern | Suction Pattern

Training 1,976 2,474
Validation 125 495 620
Testing 685 453 3,875

Table 5.2. Hyperparameters for Training the Sea
Lamprey Detection Networks.

Parameter Value

Learning rate 0.005
Momentum 0.9

Weight decay 0.0005

Score threshold 0.050

NMS threshold 0.5
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Table 5.1 lists the statistics of the sea lamprey dataset, which were split into three parts, the training dataset, the validation dataset, and the testing dataset.

And the hyperparameter for training the sea lamprey detection networks are given in Table 5.2.
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5.—5 Assessment of Three Object Detectors

] SSD ] RetinaNet 4 YOLOv5s
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Table 5.3. Comparison of Validation Results of Different Algorithms for Sea Lamprey Detection.

m mAP(val) @0.5 | mAP(val) @0.5:0.95 | GPU Speed [ms /img]

90.79 % 56.81 % 11.4
RetinaNet 93.68 % 66.63 % 55.0
YOLOv5s 92.11 % 69.77 % 8.4

College of Engineering

50


Presenter
Presentation Notes
These plots show the validation results of the SSD, RetinaNet, and YOLOv5s models.

YOLOv5s achieved the highest mean average precision mAP@ 0.5: 0.95, which was a general evaluation metric for object detection algorithms. In addition, YOLOv5s also achieved the fastest inference speed. That is why we used YOLOv5s in our following test.
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5.6 Inference Using Trained YOLOv5s Model

Soft pressure sensor’'s memory effect:
» The detection network will view the leftover patterns following the detachment as a normal suction pattern;

» Cause false positive in prediction.

Contour 15 at 3s
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Here is a demo video showing the automated sea lamprey detection system.

So you can see the bounding box plotted on the area of the sea lamprey’s attachment. It is either a bounding box in the compression pattern, or one in the suction pattern.

Moreover, we notice that the sensor array exhibit some memory effect, when the sea lamprey had already disengaged from the sensor device, the detection system still recognized an attachment happening there. And the sensor’s memory effect usually lasted more than 10 seconds, which confused the sea lamprey detection system. This is so-called false positive prediction.


MICHIGAN STATE UNIVERSITY

5.—7 Filtered YOLOv5s for Mitigation of Sensor Memory Effect

Measured
Data

.
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Figure 5.5. Diagram of the soft pressure sensor and YOLOv5s model-based sea lamprey detection approach.

52


Presenter
Presentation Notes
By analyzing the mapping contours and experimental videos, we found a simple method to mitigate the sensor memory effect, which was adding a filter unit before the final output, with two designed confidence thresholds for the compression pattern and the suction pattern, respectively.


 YOLOV5’s confidence output:

Area of Intersection

—t
If’Uﬁmd —

(13)

Area of Union

0. if ToU’"" =0
Pro,; =1 . pred (14
Fob {1, otherwise J

Confop; = Proy; - ToU?" (15)

pred

The class confidence is a conditional probability of the class
when there 1s an object being predicted at that cell:

C"——"nfcis — P?1c35|obj }(IGJ

So the final confidence score can be written as
Conf = Confas-Confopj = Preisiob; -P-robj-IoUg_t (17)

pred
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5._7 Filtered YOLOv5s for Mitigation of Sensor Memory Effect
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YOLOv5 output the prediction confidence in this way: it calculated the intersection of union, and used that as the object probability; then based on this detected object, it multiplied the object probability with the class probability.

If we set two different confidence thresholds, then the system will only plot such bounding box on the image if the prediction confidence is larger than the threshold.


MICHIGAN STATE UNIVERSITY

5?8 Postprocessing on the Testing Dataset

Ground Truth
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» The higher the confidence threshold, the lower the

false positive rate.

« The F-1 score would be reduced when the threshold is

too high.
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O = arg max Lo (0c) (23)

c
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How to decide these confidence thresholds? According to this confusion matrix, we could set a confidence threshold, and all the confidence outputs that were larger than the threshold could be viewed as a positive prediction; otherwise, it’s a negative prediction.  

And we know the ground truth where the lamprey was attaching on the sensor, then we could decide whether the output was a true positive, a false positive, a false negative, or a true negative. 

With all the testing dataset, we could calculate the true positive rate, the false positive rate, the false negative rate, or the true negative rate. Then the precision and the recall from equation (19) and (20). And their harmonic mean, which is called F-1 score could be the evaluation metric of the confidence threshold.

In the meantime, the false positive rate was also a function of the confidence threshold.
We can see from these two figures, the higher the confidence threshold, the lower the false positive rate; and the F-1 score would be reduced when the threshold is too high.

So we also proposed a regularization method to achieve a trade-off between higher positive predictions and lower false positive rate. Lambda’s value depends on the purpose or focus of the certain application.
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5.8 Postprocessing on the Testing Dataset

» The filtering process with a pair of selected

confidence thresholds proves to be simple (a)

and effective to this sea lamprey detection.

Table 5.4. Inference During a Sample Memory
Effect Interval.

Compression 0.80 True
232 Suction 0.46 True
233 Suction 0.18 False
234 Suction 0.27 False
235 Suction 0.33 False
236 Suction 0.16 False
237 Suction 0.27 False
238 Suction 0.31 False

Figure 5.7. lllustration of the faulty detection problem due to the sensor’'s memory effect.
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Finally, I want to show an example of our filtering method.
When the confidence thresholds of the compression and suction patterns were both 0.05, as you can see here, only the two frames’ prediction were correct, but then due to the sensor’s memory effect, we got false positive predictions.

But when the confidence thresholds were set as 0.131 and 0.344 for the compression and suction pattens, we achieved all correct predictions during this interval.


THANKS!

Do you have any questions?
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And with that, I want to conclude my presentation. Thank you all for being here. If you have any questions, please feel free to let me know.
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