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Background
Object Detector are AWESOME!
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Ren et.al. Faster R-CNN (2016) He et.al. Mask R-CNN (2018)



Problems

Real-World Situations ?

* Vehicle movement
« Camera Shake
« Poor Weather

Kupyn et.al. DeblurGANv2 (2019)



Problems

« "AWESOME" ONLY at Clean Images
« Suffer from Image Degradation
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(a) Clean Image (b) Blurred Image (¢) Deblur-YOLO

Fig. 1: Sample Detection Result. Deblur-YOLO makes blur robust object detecton at a densely populated image from COCO
2014. Left: Yolov3 at clean image. Middle: Yolov3 at Blurred Image. Right: Deblur-YOLO at Blurred Image



Existing Solutions

* Non-Blind Deblurring
« Unnatural |0 sparse representation (Xu, 2013)
« Edge-based kernel estimation + Patch priors (Sun, 2013)

* Blind Deblurring
« Non-uniform motion blur kernel estimation (Sun, 2015)
 Fourier coefficient of deconvolutional kernel (Chakrabarti, 2016)
« DeepDeblur (Nah, 2017)
« SRN-DeblurNet (Tao, 2018)
* DeblurGANv1&v2 (Kupyn, 2018&2019)



Problems

« VERY SLOW => Unsuitable for real-world tasks

TABLE II: Deblurring Performance at COCO 2014

Time Params PSNR SPSNR SSIM
Blur Image None None 21.02 116.51 0.701
DeepDeblur 1.5495 474 24 .86 105.08 0.823
DynamicDeblur 1.5247 4738 27.19 113.20 0.873
SRN 0.3790 86.9 24.01 99.92 0.815
DeblurGANvV2(I-R) | 0.1589  233.0 20.29 108.45 0.687
DeblurGANv2(M) 0.0769 12.8 20.34 124.94 0.687
Deblur-Yolo 0.0772 129 23.94 131.39 0.817




Our Solution

e Deblur-YOLO Work Flow

Clean Image Yolov3 Discriminator

Deblurred

Generator Image

Blurry Image



Our Solution

e Deblur-YOLO Generator Architecture

—= 1x1 conv

Generator Dilated Convolution



Our Solution

Inator Architecture
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Our Solution

e Deblur-YOLO Loss Function

Lg =0.5*%Lc +0.006 x Lp 4+ 0.01 * Lo, + 0.1 x Lp



Experiments

« Qualitative Result at Set5

(b) Blurred Image (¢) DeepDeblur

(e) DynamicDeblur (f) DeblurGANvV2(I-R) (g) DeblurGANvV2(M) (h) Deblur-YOLO

Fig. 5: Deblurring Result Comparison at Baby Picture from Set 5



Experiments
» Qualitative Result at Set14

(d) SRN Deblur

(a) Clean Image (b) Blurred Image

(e) DynamicDeblur (f) DeblurGANvV2(I-R) (g) DeblurGANvV2(M) (h) Deblur-YOLO

Fig. 6: Deblurring Result Comparison at Lenna Picture from Setl14



Experiments

« Qualitative Result
at COCO 2014

(g) DeblurGANvV2(M) (h) Deblur-YOLO

Fig. 7: Deblurring and Detection Result Comparison at COCO 2014



Experiments

« Quantitative Results

TABLE I: mAP Score at COCO 2014

mAP | aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv

Clean Image 585 | 737 469 444 406 423 752 585 73.0 398 523 414 732 715 6l.7 691 424 599 521 754 699
Blur Image 297 | 433 169 153 148 104 51.8 345 404 135 126 269 31.7 309 282 428 190 237 337 57.6 454
DeepDeblur 5L.7 | 649 369 352 353 322 731 53.7 703 339 408 40.1 396 68.1 519 653 352 468 485 728 684
DynamicDeblur 56.0 | 70.6 43.2 414 414 368 753 57.1 726 36.6 458 400 682 727 563 67.0 398 584 499 753 717
SRN 523 | 70.1 382 358 358 318 719 534 692 331 394 398 634 666 535 641 351 51.7 480 753 69.0

DeblurGANVZ(I-R) | 42.0 | 55.0 28.6 26.6 30.2 249 614 449 535 275 354 324 474 537 396 518 248 412 392 652 559
DeblurGANvVZ(M) 408 | 52.2 274 25.0 289 243 6l1.0 443 537 259 317 305 452 494 392 508 250 386 40.6 66.0 56.8
Deblur-Yolo 47.5 | 55.5 33.8 30,0 37.7 297 67.7 51.1 626 312 395 41.2 514 547 449 561 336 539 502 728 522

TABLE III: Deblurring Performance at Set 5 & Set 14

Blur Image  DeepDeblur  DynamicDeblur S5RN DeblurGANvZ(I-R)  DeblurGANvZ(M)  Deblur-Yolo
PSNR 24.20 28.36 29.10 28.07 26.64 27.06 29.39
Set 5 SPSNR 113.79 104.80 113.99 9R8.77 103.74 122.66 128.40
SSIM (.66 0.81 0.85 0.80 0.74 0.77 .88
PSNR 23.12 26.65 27.35 25.90 25.95 2503 17.85
Set 14 [ SPSNR 119.26 111.00 115.09 111.58 116.26 128.30 121.70
SSIM 0.55 0.69 0.73 0.67 0.68 0.65 0.75




Conclusion

« Deblur-YOLO

« Efficient, Detection-Driven, One-Stage

« Generator + Multi-Scale Discriminator + Detection Discriminator
* Blind motion deblurring + Object Detection

« Smooth Peak Signal-to-Noise Ratio (SPSNR)

« Promising Results on COCO2014, Set5 and Set14
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Thank you for listening!
Any questions?



