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Convolutional Neural Networks?
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source: https://ujjwalkarn.me/2016/08/11/intuitive-explanation-convnets/






The Convolution Step
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Input Feature Map Rectified Feature Map
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Convalution Pooling Convolution Pooling Fully Fully Output Predictions
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Feature Extraction from Image Classification
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Vision-based Vehicle Detecting and Counting for Traffic Flow Analysis
Zhang et al

2015-11-16 08B:38:46
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Count vehicles

Fast R-CNN

Set of object proposals as input

Produces bounding boxes

Fine-tune a pre-trained Fast R-CNN with traffic videos



Real-time Scene Understanding for UAV Imagery based on Deep Convolutional Neural. Networks
Clay Sheppard and Maryam Rahnemoonfar

Building Road

Ground Tree

UAV vertical images

High altitude

3864 images

4 classes: building, ground, road, tree



Generating binary tags for fast medical image retrieval based on convolutional nets and radon transform
Xinran Liu, H.R.Tizhoosh, J.Kofman

Image retrievel
Gray level (no color)



Fast animal detection in uav images using convolutional neural networks
Benjamin Kellenberger, Michele Volpi, Devis Tuia

Correct predictions by our model

Multiple detections of a single animal False positives Missed animals

Fig. 3. Detection examples on the test set (blue; with IoU scores for predictions) and Fast R-CNN baseline (¢ 21). Ground
truth is in green. Top row shows correct detections for our model, while bottom row show failure cases.

Ldrge animadis in Ndmipid
Real time
654 RGB images, 1196 animals after fine tuning



Convolutional Neural Networks For Near Real-time Object Detection

from Uav Imagery In Avalanche Search And Rescue Operations
Mocrv Roloto Roiinn AhAdnllnh Zonnndn nnd Fnrid Moelnnni

Fig. 3. Example of correctly classified negative (top left)
and positive (top right) images, false positive object in yel-
low rectangle (bottom left), and false negative or undetected
object (bottom right). Objects of interest are indicated by yel-
low arrow.

Pre-trained CNN to detect objects
SVM to classify



Multiple Object Extraction from Aerial Imagery with Convolutional Neural Networks
Shunta Saito, Takayoshi Yamashita, and Yoshimitsu Aoki

(a) Aerial imagery S (b) Ground truth M (c) Predicted label image M

Figure 2. An example of the resulting predicted label image.

Aerial images
3 classes: road, building, background



A Convolutional Neural Network for Automatic Analysis of Aerial Imagery
Frederic Maire, Luis Mejias and Amanda Hodgson

Marine species
Bboxes using blobs (confidence of the pixel being the center of a window containing a mammal



Deep Learning for Infrared Thermal Image Based
Machine Health Monitoring
Olivier Janssens et al

tmech-2722479-pp.pdf - Chromium
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Infrared thermal video
Determine condition of the machine
Machine fault detection and oil level prediction

(b) Fig. 6: Regions that influence the CNNs output for a healthy



Pedestrian Detection in Thermal Images Using Adaptive Fuzzy C-Means Clustering and
Convolutional Neural Networks
Vijay John et al

Adaptive Fuzzy C-Means CNN-based Binary

Infrared Image B> Candidate Detection py Eandidute Pruning Classification

Infrared images
Candidate bbox is a pedestrian or not?
LSI Public dataset (8000 pedestrians and 8000 negative samples)
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Bounding boxes




Error

4 classes: boat, pallet, buoy, person

K-fold cross validation

k-fold Cross Validation Scheme (k=4)

- M Training
1. Run 2. Run 3. Run 4. Run
Early stop by validation curve
Validation
o Training
Stop training Number of epochs
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