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Open World Object Detection Based on Shape

Perception and Class Balance Optimization
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[ Abstract] An open world object detection method based on shape perception and class balance optimization was proposed to address
the issue of poor prediction performance of unknown class objects in open world object detection. Unknown classes referred to classes
that were not labeled during the training phase. Due to the lack of guidance from labels, detecting unknown class objects was a chal-
lenging task. An unknown class enhanced detector has been constructed as an unknown class detection branch. During training, this
detector was supervised using only known class labels, allowing it to learn the similarities in features of known class objects and gener-
alize to unknown class objects. To improve the detector’s sensitivity to unknown classes, the region proposal network (RPN) module’s
ability to distinguish between foreground and background was utilized. A specific filtering method was employed to select results with
“unknown class potential” from the RPN output, which were then used as pseudo labels in the training process. Due to the absence of
confidence scores, traditional non-maximum suppression (NMS) methods were difficult to apply for post-processing unknown objects.
Therefore, a redundant unknown object suppression mechanism was designed, consisting of a center point-based grouping strategy and
a redundancy score matrix based on shape perception. The center point-based grouping strategy included three methods based on the
unknown class center points to determine the suppression range. Subsequently, a redundancy score matrix was constructed based on the
redundancy scores of each prediction box within the group to suppress highly redundant predictions. Experimental results on open world
object detection datasets demonstrated that the open world object detection based on shape perception and class balance optimization
maintained high recall rates for unknown classes while achieving high prediction accuracy. This method effectively addressed the chal-

lenges of open world scenarios and avoided generating a large number of useless predictions.
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Table 2 Experimental results on the VOC dataset

ik mAP
Faster R-CNN 0.487
OW-DETR 0.420
vos2! 0.491
ORE 0.243
UnSniffer 0.462
AT 0. 466

#&3 COCO-00D #iEsE ELWEER
Table 3 Experimental results on the COCO-OOD dataset

Ik AP, F, P, R,

Faster R-CNN — — — —
OW-DETR 0.033 0.056 0.030 0.380
VOS 0.234 0.296 0.277 0.319
ORE 0.214 0.255 0.153 0.782
UnSniffer 0.396 0.475 0.487 0.464
ATy _vl 0.367 0.485 0.602 0.407
AR T _v2 0.392 0.498 0.619 0.417
AT _v3 0.402 0.507 0.617 0.430

B vl RS R PR T o A I 1 50 260 0 v1 RS (8 1)
o0 FAE AR A7 3 RS P9 23 T .0 4 136 1
FRU AT

&4 COCO-Mix #HFEE F LWHR
Table 4 Experimental results on the COCO Mix dataset

ik mAP AP, F, P, R,

Faster R-CNN — — — — —
OW-DETR 0.414  0.007 0.025 0.014 0.161
VOS 0.364 0.117 0.164  0.191  0.144
ORE 0.213  0.140  0.175  0.103  0.592
UnSniffer 0.362  0.121  0.252  0.201  0.338
A II kvl 0.375 0.102  0.234  0.227 0.242
AL _v2 0.375 0.098 0.228 0.225 0.233
AL I3 0.375 0.138  0.252  0.243  0.263
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Table 5 Results of ablation experiments on the COCO-OOD dataset

RUOBS_vl RUOBS_v2 RUOBS_v3 Jrid P, R, Fy,
x x x 0.277 0.319 0.296
VvV X X 0.507 0.301 0.377

VOS
x Vv X 0.476 0.302 0.369
x x 4 0.512 0.298 0.376
x x x 0.153 0.782 0.255
vV x X 0.317 0.721 0.440
ORE
x Vv x 0.320 0.723 0.443
x x vV 0.328 0.717 0.450
x x x 0.487 0.468 0.477
VvV x x . 0.492 0.455 0.472
UnSniffer
x Vv x 0.488 0.466 0.476
x x vV 0.492 0.457 0.473
x x x 0.582 0.437 0.499
vV x x 0.607 0.433 0.505
x Vv X AR 0.612 0.428 0.503
% x Vv 0.617 0.430 0.507

T MUASRIR IR AR, o vI BRI T ol s AR IR A 032807 1 w2 RAS R FHTRE 7 o s BT T A 23277 8 v3 LA T A A
TR HERZR AL R, VIR AT, x TR BA 3B SR,

&6 COCO-Mix HiEE FiHASLILE R
Table 6 Results of ablation experiments on the COCO Mix dataset

RUOBS_v1 RUOBS_v2 RUOBS_v3 Ty P, R, Fy,
x x x 0.191 0.144 0.164
2 x x 3 0.257 0.130 0.172
VOS
X vV X 0.266 0.129 0.174
x x Vv 0.265 0.129 0.173
x x x 0.103 0.592 0.175
Vv x X 0.152 0.580 0.240
ORE
X vV X 0.177 0.562 0.269
x x vV 0.165 0.578 0.257
x x x 0.201 0.338 0.252
v X x . 0.217 0.332 0.262
UnSniffer
X Vv X 0.212 0.336 0.259
x x 4 0.227 0.336 0.270
x x x 0.205 0.275 0.234
vV x X . 0.237 0.270 0.252
AR
x Vv x 0.225 0.267 0.244
x x 4 0.243 0.263 0.252

T HLAR SRR U, Herp v RRAS A0 IS T O s SRR R I 43 3807 16, v2 AR R T 66 77 o JEU BT A8 A 433677 16, v3 AR (T 1 2
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Fig. 9  Visualization of inference results
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