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Objective

Tajseek Ways o improve the performance.of.models on I. Mask R-CNN vs. UNet 2. Morphological Processes (Tested in UNet)
building detection and segmentation on satellite images, our — - —
goals are to: Training loU Test loU Predicted # of Buildings
e Evaluate the performance of a Mask R-CNN with different Basic Mask R-CNN NIA 0.396 Mask Detected
backbones such as ResNet and DenseNet nedonrsrecn) . No 121
e Evaluate the performance of various additions to a typical > w/ DenseNet N/A 0.00023 Morphology
UNet architecture, and compare them with the Mask R-CNN T — : i
o Explore the effect of morphological pre and post-processing BasleU-Nat 0.792 0.765 Dilation in Pre-Processing 101
on the performance of a model > wl/ res. con. 0.736 0.705
> w/ dense con. 0.803 0.788 Dilati_on i_n Pre-Processin_g + 103
Erosion in Post-Processing
- 5 e Ren b Suilo Learning Rty a0t (building separation)
Sources: 4 e s weghioees | oo
1. CrowdAl Mapping Challenge Mask R-CNN R — tearning 0500 Mask R-CNN U-Net wf res.
2. Kaggle DSTL Competition w/ DenseNet 2 Minbateh sze s =
| Steps per epoch 1000
Details: | A -
o RGB images with MS COCO or WKT format shape 00 1000 2000 3000 4000 Steps  Hyperparameter | Value(s)
annotations Loss = o=
10 === Binary cross-entropy i -
Train/Test/Val Distribution: p ez
e 8366/910/910 U-Net wi res. Minibatch size 128
con. Steps per epoch 25
4
pertep 0 Initial Feature Width 12

Framework: Loss Func. P B2 T 0 s
sk R-CNN [1
v y r L = Leis + Loz + Limask

Binary Cross-Entropy

cmmmeReg’;g’g;g;“‘““”“\"”‘“““’W 1. Mask R-CNN: ) e Using the U-Net as a backbone for the
" L0 = 5 3 Lttt e Baseline with ResNet50 backbone, trained over 40 epochs, performs decently well Mask R-CNN
pp—— 02 B%rzfaNeﬁm as backbone gives comparable relative performance after 4 epochs e Train the Mask R-CNN for longer on the
3 i o Training performances of networks vary greatly on the features of different datasets DenseNetiand compare performance
Biary Cross-Entroy e Dense connections slightly improves the loU for the CrowdAl dataset by 1% e Train longer epochs on the U-Net model,
==} S+ 1= s - e Residual connections improve performance on Kaggle dataset by 10% and understand better how connections
P, 3. Morphological Processes: affect training
= E YR e Dilation in pre-processing improves detection but overlaps buildings o Improve the watershed algorithm to
Toailoss e Erosion in post-processing reduces overlap separate overlapping building masks with
L= = log T e Watershed can separate overlapped masks less tolerance
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