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ABSTRACT and KITTI car benchmarks. Our proposed approaches are de-

Vision based modules are essential to realize artificiallint signed to be generic and to detect class-independent sbject

gence robotics, smart traffic and driverless cars. Our rekea

work focus on traffic sign recognition and object detection i 2. RELATED WORK

context of vehicle and pedestrian detection. Several tetec

techniques are based on deformable part models (DPMs) afitere, we discuss some recent object detection approaches re
convolutional neural network (CNN) for its foreseen preci-lated to DPM [1] and DeepPyramid DPM [2]. DPM is one
sion. We proposed multiple approaches to improve the peef the most competitive detectors for its accuracy but with i
formance of DPM and the more accurate DeepPyramid DPNENsive computations. Fast Fourier Transform (PR )em-

(a mapped model into convolutional layers). Multiple tech-ployed by Dubout to speedup convolution step. Yan et al.
niques are employed to build our frameworks including buintroduced a faster DPM approach [3] which runs at 3.3 FPS
not limited to Fast Fourier transform, feature approximti  (about 4x Cascade DPM) on Pascal VOC. On the other hand,
edge boxes, neighborhood aware cascade and region propo&aishick introduced DeepPyramid DPM [2] based on convo-
networks Our fastest technique results show that we proce$gional layers to outperform original DPM [1] in terms of
Pascal VOC 2010 at 47HZ and VGA image at 40HZ with lossprecision. Li Wan integrates ConvNets and DPM in a new
of 2% in precision. end-to-end model to boost DPM’s precision-by3.2.

Index Terms— Object Detection, DPM, DeepPyramid,
Autonomous Vehicles, ADAS 3. METHODOLOGICAL APPROACH

Our proposed work is complementary and related to recent
speedup techniques of DPM and DeepPyramid DPM as ex-
plained in the following three approaches.

1. INTRODUCTION

Automobile manufacturers are in race nowadays towardg full _ .
autonomous vehicles and trucks. Self-driving encompass vah First approach. . We build a_fram_ev_vork here to_en-
ious challenges to interact with physical world using caaser ance the.c_om.putatlon bottleneck in building feature pyam
LIDAR, RADAR and GPS. High performance object deteC_and classﬁ_lcauon ;teps [4]. we integrate a famous fast _fea-
tion, traffic sign recognition and lane detection are prinar ture pyramid technique, FFT SCheme to replace conyqlutlpns
components for self-driving technologies. and lookup table HOG features with an early classification

Our main research problem is object detection for au-methOd' _ _
Second approach. We introduce a novel region based

tonomous vehicles. We focus on one of the accurate state- o : .
of-the-art detectors. The deformable part model (DPM) [1]DP'VI pipeline [5] to create object region pr_oposals and then
may includes multi-components of object category plus thgnhance the feature map complexity and finally speedup the
main root model and multiple parts based on Histogram opar.ts score computathn step. Edg.e Boxes are employed for
Oriented Gradients (HOG). In addition, DeepPyramid DPM€dion Proposals and integrated with fast feature map tech-
[2] presents a convolutional network mapping design to ex."'d4€ plus ne|ghpo_rhood_ aware casc_ade [3] Thereafter, we
amine a significant power of DPM with better performanceIntrOduce an optimized |mp|ementat|qn for these two pro-
and outperform R-CNN detector (running 20x faster). posed approaches bas_ed on .SlMD mstructlons,.assembly
Our research work contribution includes a proposaprogrammmg and multi-threading to overcome time per-
for three approaches based on complementary modules ftgrmance bottlenecks with maintained results in terms of
achieve a real-time DPM detector without sacrificing its-pre precision.
cision. We present a comprehensive performance evaluation 1peepppM [2] code: https://github.com/rbgirshick/Deepiyid.
on different detection benchmarks like PASCAL VOC 2010 2FFT-DPM code: http://iwww.idiap.ch/scientific-researelsburces.




Table 1. Average-Precision (AP in %) of several approaches on PY¥&@ 2010.
aero bike bird boat botl bus car cat chair cow table dog horsetom person plant sheep sofa train t/ mAP | FPS
HOG-DPMV5 [1] 49.2 538 13.1 153 355 534 497 27 172 288 147 178 46.4.2 5 47.7 108 342 20.7 43.8 38/333.43| 0.1
FF-DPM 48.2 532 129 137 346 539 487 265 171 283 145 18.16 45504 46.7 11.0 339 208 432 3632.88| 0.7
FastDPM [3} 472 544 129 147 348 528 492 271 16.8 287 143 17 45.9.6 5 46.9 10.8 341 20.7 439 37/633.02| 3.3
DPML1 [4] (Ours) 48.1 534 122 138 34.2 524 487 262 161 278 132 16.41 4550.2 46.3 9.9 334 198 426 37/232.35| 455
R-DPM2 [5] (Ours)| 47.9 53.3 123 135 34.1 521 483 263 16.2 275 129 16.23 45.50 46.1 10.1 33.2 195 424 37|432.23| 47.6
DeepDPM [2} 446 653 327 247 351 543 56,5 404 263 494 432 41.00 6155.7 53.7 255 47.0 39.8 47.9 592520| 1.6
R-CNN FT fc;° 67.1 641 46.7 320 305 564 572 659 27.0 473 409 66.68 5765.9 53.6 26.7 56.5 381 528 50250.20| 0.1
R-DPDPM3 (Ours)| 44.2 65.1 326 247 352 541 56.2 399 264 480 431 40.75 6055.1 53.3 249 468 39.6 475 587%4.83|17.2

,,_-—"' ] Table 2. Average Precision (AP in %) and time (in seconds)

3 Ce rmomn | ] on KITTI vehicle dataset with three test settings.

/ R ] Easy Moderate Hard Time(s)
il R I | HOG-DPMV5 [1] | 77.35 60.84 47.52 28.01
AR | FFT-DPM? 76.42 58.48 45.82 3.52
ElS Y 2 FastDPM [3f 77.19  60.69 47.18 0.71

R s A DPM1 [4] (Ours) | 75.90 59.14 45.63 0.039

R S ol 1 R-DPM2 [5] (Ours) | 75.72 59.13 45.53 0.036

B R S S S DeepDPM [2} 86.79 70.27 56.91 1.57

T e e R-DPDPM (ours) | 85.64 69.44 55.23 0.14

Fig. 1. Time performance based on input image resolution. 5. CONCLUSION

Third approach.  Our work is related to DeepPyramid In this paper, we discg_ssed problem domair_1 of autonomous
DPM [2] approach using two modules to accelerate Deep\_/ehmles and our specific problem towards high performance
Pyramid pipeline, we integrate RPN strategy inspired fronPPi€Ct detection. we presented two frameworks based to
Faster R-CNM to exploit its shared computations feature for @chieve a real-time deformable part model detector without
almost cost-free region proposals with another optimized F sacrificing its accuracy and another framework as a syrghesi

module as a replacement for convolution. Then we emploff convolutional network and structured learning to build a
a GPU implementation for all steps to obtain better perforiaster DeepPyramid DPM detector. This framework improves
mance. feasibility of DPM to driver assistance and self-drivinghe

nologies.

4. RESULTS AND DISCUSSION
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