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A. Additional Results
A.1. Cityscapes All Metrics

Table 1, Table 2, and Table 3 includes all quantitative
metrics for Cityscapes, COCO, and BDD100k.

A.2. COCO Instance Segmentation

Table 4 includes experimental results training a Mask
R-CNN for general instance segmentation on the COCO
datasets. Specifically, we train a Mask R-50 FPN R-CNN.
Note that we follow the experimental details from the Key-
point R-CNN experiment in the main paper.

A.3. Cityscapes - Ignoring Person Annotations

Table 5 show experimental results for Mask R-CNN [2]
R-50 FPN on the Cityscapes dataset [ 1] without the person
class. It is important to note that we measure the perfor-
mance drop to the original dataset with person annotations
removed.

B. Qualitative Anonymization Examples

The following figures include qualitative examples from
Cityscapes [ 1] and BDD100k [4].

* Cityscapes body: Figure 1, 2, 3.
* Cityscapes Body Histogram matching: Figure 7, 8, 9.
* Cityscapes face: Figure 4, 5, 6.

BDD100k face: Figure 10, 11, 12, 13.
¢ BDD100k body: Figure 14, 15, 16, 17.
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Table 1. Instance segmentation AP on the Cityscapes [ 1] validation set with a Mask R-CNN [2] R-50 FPN. HM=Histogram matching.
HM-LO=Histogram matching via Latent Optimization.

Anonymization Method APt AP@50 APperson APy APyicyce APeyr J— APrier APy, APy
Original 367+0.1(A)  628+02(A)  35.0+02(A)  57.6+06(A)  236+£0.2(A)  536+0.0(A)  21.9+01(A)  288+02(A)  37.2+04(A)  36.1+0.4(A)
° Blur 36.4+0.2(-0.3) 62.54+0.2(-0.3) 34.9+0.1(-0.1) 58.0+£0.5(04) 23.3+0.1(-03) 53.1+0.1(-0.5) 20.8+0.5(-1.1) 28.6+0.1(-0.2) 37.0+1.3(-0.2) 35.5+0.5(-0.6)
3 Mask-out 36.7+£0.2(0.0) 63.1+0.2(0.3) 34940.1(-0.1) 575+0.5(-0.1) 232+0.2(-04) 53.2+0.0(-04) 21.4+0.1(-0.5 28.7+0.1(-0.1) 39.5+0.2(2.3) 35.5+0.3(-0.6)
= Realistic 36.6 +£0.1(-0.1) 62.8+0.3(0.0) 35.0+£0.1(0.0) 572+03(-04) 232+0.2(-04) 53.4+0.1(-02) 21.7+0.3(-02) 288+0.0(0.0)0 36.6+1.2(-0.6) 36.7+0.5(0.6)
Blur 314£0.2(-53) 54.54+0.4(-8.3) 2.140.1(-32.9 56.7+£0.6(-0.9) 22.7+£0.1(-09) 529+0.1(-0.7) 209+0.2(-1.0) 259+£0.2(-29) 344+£0.5(-2.8) 36.0+£0.7(-0.1)
- Mask-out 2+0.1(-55) 532+0.1(-9.6) 0.7+0.1(-34.3) 55.6 £04(-2.0) 229+0.2(-0.7) 52.9+0.1(-0.7) 21.7+0.7(-0.2) 253+0.2(3.5 355+£0.5(-1.7) 35.1+£0.3(-1.0)
B Realistic 3+0.1(-2.1)  59.0+£0.3(-3.8) 20.3+£0.2(-147) 585+0.2(09) 23.2+0.1(-04) 534+0.1(-02) 21.2+0.2(-0.7) 27.9+£0.5(-09) 36.1+1.5(-1.1) 35.8%0.6(-0.3)
m Realistic + HM 343+0.2(-24) 5894+0.2(39) 21.3+0.3(-13.7) 57.9+0.2(03) 228+0.1(-0.8) 53.4+0.1(-0.2) 22.0+0.2(0.1) 27.6+0.1(-1.2) 34.0+1.1(3.2) 35.7+0.2(-0.4)
Realistic + HM-LO 34.8+0.2(-19) 60.0+0.3(2.8) 21.5+0.1(-13.5) 57.7+0.8(0.1) 23.2+02(-04) 532+0.0(-04) 222+0.3(03) 281+0.1(-0.7) 349+14(-23) 373+0.7(1.2)
Table 2. Keypoint (Kp.) AP on the COCO [3] validation set with a Keypoint R-50 FPN R-CNN [2].
Anonymization Method Box AP 1 Box AP@50 1 Box AP@75 1 Box AP, 1 Box AP, 1 Box AP, 1 Kp. AP 1 Kp. AP@50 1 Kp. AP@75 1 Kp. AP, 1 Kp. AP,
Original 55.740.0 (A) 83.3+0.0 (A) 60.7+0.1(A)  T30£01(A)  629+01(A)  37.8+£0.1(A) 652400 (A) 86.3+0.2 (A) 711402 (A) 73.0+0.0 (A) 61.2+0.1(A)

Blur 5034+0.2(-54) 77.0+£02(-63) 546+0.1(-6.1) 67.8+404(52) 523+0.2(-10.6) 37.1+£0.0(-07) 53.5+£02(¢-117) 745+04(-11.8) 57.6+0.2(-135) 63.5+0.3(95) 486+

g Mask-out 199+402(-58) 76.6+02(-67)  541£03(-66) 66.9+0.6(-6.1) 52.3+0.1(-106) 36.8+0.1(-1.0) 520%0.3(-132) 73.5+0.3(-128) 56.2+04(-149) 61.4+03(-11.6) 47.7+

& Realistic 54.3 £0.1(-1.4) 81.7+0.1(-1.6) 59.0+0.1(-1.7)  72.7+£0.1(-03) 60.0+£0.1(-2.9) 37.3+£0.2(-0.5) 60.6 £ 0.1 (-4.6) 82.9+0.3(-3.4) 65.9+£0.1(-5.2) 69.9 £ 0.1 (-3.1) 56.1 +

Realistic refined 54.4+00(-13) 81.8+0.1(-1.5) 59.1+0.1(-1.6) 727+0.1(-03) 60.1+£0.2(28 37.5+0.1(03) 60.8+0.2(44) 829+02(-34) 662+04(-49) 702+01(-28) 56.1+
. Blur 17.84£0.0(-37.9)  35.1+0.1(-482) 16.3+0.1(-444) 2.6+0.1(-704) 105+0.1(-52.4) 33.3+0.1(45) 44+0.1(-60.8) 9.1+0.2(-77.2) 3.7+0.1(-674)  04+0.1(-726) 10.4+ 0.1 (-50.8)
3 Mask-out 17.440.1(-383)  34.5+0.1(-488) 155+02(452) 21+0.1(709) 10.6+0.2(-52.3) 32.5+0.1(-53) 2.0+0.1(-632) 4.9+0.2(-814) 14+01(-69.7)  0.1+0.1(-729)  4.1+0.1(-57.1)
A Realistic 24.0+0.1(-31.7) 46.1+0.2(-37.2) 224+0.1(-383) 8.2+0.3(-64.8) 26.4+0.3(-36.5) 34.1+0.1(-3.7) 15.6+0.1(-49.6) 29.4+0.2(-56.9) 14.2+0.1(-56.9) 13.0+0.1(-60.0) 22.5+0.1(-38.7)

Table 3. Instance segmentation AP on the BDD100K [4] validation set with a Mask R-CNN [2] R-50 FPN.
Method AP T AP@50 1 APpedestrian APpus APpicycle APcyr APnotorcyele APriger APyin APyuck
Original 20.24+0.2 349404 32.0+ 0.0 30.2+0.2 6.0+0.3 454+0.1 11.0+£0.9 9.7+0.3 0.0+0.0 26.9+ 0.4

, Blr 205+0.1(03) 859+0.1(1.0) 31.7+01(-03) 301+03(-0.1) 6.9+02(09) 454+0.1(0.0) 13.8+1.0(28) 9.4+03(-03) 0.0+0.0(0.0) 26.5+0.2(-04)
§ Mask-out 20.3+0.1(0.1) 35.3+£0.3(0.4) 31.4+£0.1(-06) 299+0.5(-03) 58=£0.3(-02) 455+£0.1(0.1) 144+0.6(3.4) 88+£04(-09) 0.0£0.0(0.0) 26.3+0.2(-0.6)
= Realistic ~ 20.6 £ 0.1 (0.4) 35.8+0.3(0.9) 31.6 +£0.2 (-0.4) 30.7+0.6(0.5) 6.7+04(0.7) 456+0.1(0.2) 14.7+0.7(3.7) 87+02(-1.00 0.0+0.0(0.0) 26.7+0.0(-0.2)
Blur 15.4+£0.1(-4.8) 26.3+0.2(-8.6) 0.5£0.0(-31.5) 29.5+0.6(-0.7) 54+£0.2(-06) 456=+0.0(0.2) 121+£0.9(1.1) 42+£03(-55 0.0£0.0(0.0) 259=£0.6(-1.0)
Z Mask-out 15340.0(-49) 25540.1(-94) 00+00(-320) 30.8+0.2(06) 55+0.2(05 455+0.1(0.1) 10.9+0.2(0.1) 39+05(-58 0.0+0.0(0.0) 26.0+0.4(-09)
& Realistic 17.0+0.1(-32) 28.9+04(-60) 12.8+0.1(-192) 29.7+04(-05) 6.7+03(0.7) 452+02(-02) 103+0.6(-0.7) 58+0.4(-3.9) 0.0+0.0(0.0) 25.9+0.4(-1.0)

Table 4. Instance segmentation AP on the COCO [3] validation set with a Mask R-50 FPN R-CNN [2].

Anonymization Method

Box AP 1

Segm. AP 1

Bbox. APperson T

Face

Original 40.9+0.0 (A)  37.04£0.0(A)  55.3+0.1(A)
Blur 40.740.0(-02) 36.9+0.1(-0.1) 51.9+0.1(-3.4)

Mask-out 40.6 4+ 0.1 (-0.3)  36.9+£0.0(-0.1) 51.6+£0.1(-3.7)

Realistic 40.8£0.1(-0.1) 37.0£0.0(0.0) 54.6+0.1(-0.7)

Table 5. Instance segmentation AP on the Cityscapes [ 1] validation set with a Mask R-CNN [2] R-50 FPN. Note that the "person” class is
removed from all experiments in this table, including the original dataset.

Body

s APhicycle
561403 (A)  22.2+0.1(A)

APy
51.340.1 (A)

APuotorcycle
20.5+0.3 (A)

APriger
25.9+0.2 (A)

APyin
36.3+ 1.4 (A)

APyyck
34.7+0.8 (A)

1(0.2)  21.9+0.1(-0.3)

Anonymization Method AP 7T AP@50 1 APy,
Original 30.9+0.3 (A) 52.7+0.7 (A)
Blur 304+0.1(-05 51.6+£01(-1.1) 56.3+£0
Mask-out 30.6+0.2(-03) 51.8+0.3(-0.9) 55.340.

8(-0.8) 21.5+0.0(-0.7)

50.7 £ 0.1 (-0.6)
51.1 0.1 (-0.2)

21.1 0.2 (0.6)
20.7 4+ 0.3 (0.2)

24.440.2 (-1.5)
23.740.2(-2.2)

35.8 + 0.6 (-0.5)
38.3 4 0.6 (2.0)

33.3+0.5(-1.4)
34.440.6 (-0.3)




(a) Body - Gaussian (b) Body - Mask Out (c) Body - Realistic

Figure 1. Random anonymization examples from Cityscapes [!]. HM=Histogram matching. HM-LO=Histogram matching via Latent
Optimization. Note that the images are compressed.




(a) Body - Gaussian (b) Body - Mask Out (c) Body - Realistic

Figure 2. Random anonymization examples from Cityscapes [!]. HM=Histogram matching. HM-LO=Histogram matching via Latent
Optimization. Note that the images are compressed.
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(a) Body - Gaussian (b) Body - Mask Out (c) Body - Realistic

Figure 3. Random anonymization examples from Cityscapes [!]. HM=Histogram matching. HM-LO=Histogram matching via Latent
Optimization. Note that the images are compressed.




(a) Face - Gaussian (b) Face - Mask Out (c) Face - Realistic

Figure 4. Random anonymization examples from Cityscapes [!]. HM=Histogram matching. HM-LO=Histogram matching via Latent
Optimization. Note that the images are compressed.




(a) Face - Gaussian (b) Face - Mask Out (c) Face - Realistic

Figure 5. Random anonymization examples from Cityscapes [!]. HM=Histogram matching. HM-LO=Histogram matching via Latent
Optimization. Note that the images are compressed.




(a) Face - Gaussian (b) Face - Mask Out (c) Face - Realistic

Figure 6. Random anonymization examples from Cityscapes [!]. HM=Histogram matching. HM-LO=Histogram matching via Latent
Optimization. Note that the images are compressed.




(a) Body - Realistic (b) Body - Realistic (HM) (c) Body - Realistic (HM-LO)

Figure 7. Random anonymization examples from Cityscapes [!]. HM=Histogram matching. HM-LO=Histogram matching via Latent
Optimization. Note that the images are compressed.




(a) Body - Realistic (b) Body - Realistic (HM) (c) Body - Realistic (HM-LO)

Figure 8. Random anonymization examples from Cityscapes [!]. HM=Histogram matching. HM-LO=Histogram matching via Latent
Optimization. Note that the images are compressed.




(a) Body - Realistic (b) Body - Realistic (HM) (c) Body - Realistic (HM-LO)

Figure 9. Random anonymization examples from Cityscapes [!]. HM=Histogram matching. HM-LO=Histogram matching via Latent
Optimization. Note that the images are compressed.




(a) Face - Gaussian (b) Face - Mask Out (c) Face - Realistic

Figure 10. Random anonymization examples from BDD100K [4]. Note that the images are compressed.
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(a) Face - Gaussian (b) Face - Mask Out (c) Face - Realistic

Figure 11. Random anonymization examples from BDD100K [4]. Note that the images are compressed.
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(a) Face - Gaussian (b) Face - Mask Out (c) Face - Realistic

Figure 12. Random anonymization examples from BDD100K [4]. Note that the images are compressed.



(a) Face - Gaussian (b) Face - Mask Out (c) Face - Realistic

Figure 13. Random anonymization examples from BDD100K [4]. Note that the images are compressed.



(a) Body - Gaussian (b) Body - Mask Out (c) Body - Realistic

Figure 14. Random anonymization examples from BDD100K [4]. Note that the images are compressed.



(a) Body - Gaussian (b) Body - Mask Out (c) Body - Realistic

Figure 15. Random anonymization examples from BDD100K [4]. Note that the images are compressed.



(a) Body - Gaussian (b) Body - Mask Out (c) Body - Realistic

Figure 16. Random anonymization examples from BDD100K [4]. Note that the images are compressed.



(a) Body - Gaussian (b) Body - Mask Out (c) Body - Realistic

Figure 17. Random anonymization examples from BDD100K [4]. Note that the images are compressed.
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