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Problems of existing methods Overview Our Results
The single stage detectors are usually easier to Most of the recent successful methods in accurate object detection and localization use | Results on the KITTI Car testing set
train and more computationally efficient in some variant of R-CNN style two stage CNN. The single stage detection methods have Results on the KITTI Car testing set (moderate) (hard)
production, but failed to generate high quality not been as competitive when evaluated in benchmarks consider mAP for high loU
bounding boxes. | thresholds. In this paper, we proposed a novel single stage end-to-end trainable object Car
: ol . A . . . . Methods
detection network to overcome this limitation. We achieved this by introducing Moderate Method Car
Recurrent Rolling Convolution (RRC) architecture over multi-scale feature maps to SubCNN [20] 89.04% FHOE Hard
. construct object classifiers and bounding box regressors which are “deep in context”. y MS-CNN [] R9.02% DuEye (anonymous) 86.18%
SDP+RPN [22] 88.85% Genome (anonymous) || 85.82%
/ . : : \ Mono3D [3] 88.66% eagle (anonymous) 85.66%
Recurrent Rolling Convolution Architecture 3DOP [4] 38.64% RV-CNN (anonymous) || 85.43%
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We proposed a novel Recurrent Rolling Convolution (RRC) architecture to R}}i(}%c“mglg 28 fg(;? C (ours) 86.977%
Improve the localization accuracy in a single stage network. We achieved this (ensemble) /¢
Ey int(ljfpduging over multi-scr?IehfeatL{‘re maps to cons”truct object classifiers and Results on the KITTI Pedestrian testing set Results on the KITTI Cyclist testing set
| eft column: Previous single stage detector ounding box regressors which are “deep in context”. (moderate) (moderate)
falls to generate bounding boxes of high loU Method Pedestrian Cyclist
to the groundtruth; Right column: With the| | [~X e o s | ¢thods Moderate Methods Moderate
\_proposed RRC. / ) R D AN D\ U T S |, SubCNN [20] || 73.70% SubCNN [20] || 71.06%
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- Contribution ™ B MS-CNN [?] 71.33? MS-CNN [?] 75.464;
5 N ) a0\ ] SDP+RPN [2] 70.16% SDP+RPN [27] 73.74%
* First, we showed that it is possible to train = wf‘ B comnaay IR 1W56 Wﬁ RRC (ours) 75.33% RRC (ours) 76.47%
a single stage detector in the end-to-end — . e e e e, - e
fashion to produce very accurate Conv: 1x1x19 RS : 8.2 o o o | R ot BE | LR
detection results for tasks requiring high . P | IS o R NN e o s | | . AP,
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« Second, we discovered that the key for N N B . IS —|°
Improving single stage detector Is to solgp. cowraas olmlasl 0 imelel 0 demslel 0 Sl les]
recurrently introduce context to the Conv2eA9 B0 S Do N T T N T
bounding b_0>_< regression. This propedure All the features maps (solid boxes) in the first stage were previously computed by the - RN
can be efficiently Implemented with 'Fhe backbone reduced VGG16 network. In each stage, the arrows illustrates the top- :
proposed Recurrent Rolling Convolution down/bottom-up feature aggregation. All the weights of such feature aggregation are/ " .
architecture. shared across stages. : : : '
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