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MULTI-MODAL SENSOR DATA FUSION FOR PERCEPTION SYSTEMS
BACKGROUND
{0001] This disclosure relates to processing of sensor data, and more particularly to
multi-modal sensor data fusion for perception systems.
{0002] Navigation and situational awareness of optionally manned vehicles typically
requires the integration of multiple sensing modalities, such as Light Detection and Ranging
(LiDAR) for depth and video for two-dimensional imaging. To extract meaning from
multiple sensors, the sensor data must be fused to relate time series data from a variety of
sensors that capture spatial information. For many tasks, such as pedestrian and object
detection tasks that make use of multiple sensors, decision support methods rest on the
assumption of proper data fusion. One aspect of data fusion is registration, where data
collected from sensors having different coordinate systems are merged into a common
coordinate system. Typical approaches in LiDAR-video registration, for instance, build
separate vision and LiIDAR feature extraction methods and identify common anchor points in
both.

BRIEF DESCRIPTION
[0003] According to an embodiment, a method includes fusing multi-modal sensor
data from a plurality of sensors having different modalities. At least one region of interest is
detected in the multi-modal sensor data. One or more patches of interest are detected in the
multi-modal sensor data based on detecting the at least one region of interest. A model that
uses a deep convolutional neural network is applied to the one or more patches of interest.
Post-processing of a result of applying the model is performed to produce a post-processing
result for the one or more patches of interest. A perception indication of the post-processing
result is output.
{0004] in addition to one or more of the features described above, or as an alternative,
further embodiments could include where detecting the at least one region of interest includes
performing edge detection on one or more images in the multi-modal sensor data.
{0005] In addition to one or more of the features described above, or as an alternative,
further embodiments could include where the edge detection includes occlusion edge
detection.
[0006] In addition to one or more of the features described above, or as an alternative,
further embodiments could include where the model is trained using a supervised fearning

process for auto-registration of the multi-modal senor data and outputs classification values.
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{0007] In addition to one or more of the features described above, or as an alternative,
further embodiments could include where the post-processing includes aggregating the
classification values and identifying a dominating label representing an alignment offset
between at least two of the sensors to determine whether a misalignment exists.

{0008] in addition to one or more of the features described above, or as an alternative,
further embodiments could include where the model is trained using an unsupervised learning
process using a deep auto-encoder and outpuis reconstruction errors.

{0009] In addition to one or more of the features described above, or as an alternative,
further embodiments could include where the post-processing includes aggregating the
reconstruction errors and identifying a misalignment between at least two of the sensors
based on the aggregation of the reconstruction errors.

{0010] in addition to one or more of the features described above, or as an alternative,
further embodiments could include where the perception indication is a misalignment
indicator used to adjust at least one actuator of the at least two sensors having the
misalignment.

{0011] In addition to one or more of the features described above, or as an alternative,
further embodiments could include where the model is trained using a supervised learning
process for edge and occlusion edge labeling of the multi-modal senor data and outputs
classtfication values.

[0012] In addition to one or more of the features described above, or as an alternative,
further embodiments could include where the post-processing includes aggregating the
classification values and smoothing the classification, and further where the perception
indication includes identification of occlusion edges.

[0013] In an embodiment a system includes a sensor system and a perception
processor. The sensor system includes a plurality of sensors having different modalities. The
perception processor is operable to fuse multi-modal sensor data from the sensors, detect at
least one region of interest in the multi-modal sensor data, detect one or more patches of
interest in the multi-modal sensor data based on detecting the at least one region of interest,
apply a model including a deep convolutional neural network to at least one detected patch of
interest, perform post-processing of a result of applying the model to produce a post-
processing result for the at least one detected patch of interest, and output a perception

indication of the post-processing result.
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{0014] Technical function of the embodiments described above includes fusion of
data from different sensor modalities, model development, sensor actuator control, and/or
occlusion edge detection.

[0015] Other aspects, features, and techniques of the embodiments will become more

apparent from the following description taken in conjunction with the drawings.

BRIEF DESCRIPTION OF THE DRAWINGS
{0016] The subject matter which is regarded as the present disclosure is particularly
pointed out and distinctly claimed in the claims at the conclusion of the specification. The
foregoing and other features, and advantages of the present disclosure are apparent from the
following detailed description taken in conjunction with the accompanying drawings in

which:

{0017] FIG. 1 illustrates a vehicle with a perception system according to an
embodiment;
[0018] FI1G. 2 illustrates a training process using supervised learning to train a model

according to an embodiment;

{0019] FIG. 3 illustrates a relationship between channels, patches, and images
according to an embodiment;

{0020] F1G. 4 illustrates a deep convolutional neural network model according to an
embodiment;

{0021] FIG. 5 illustrates a testing process using the model of FIG. 2 according to an
embodiment;

{0022] FIG. 6 illustrates a training process using unsupervised learning to train a

model according to an embodiment;

[0023] FIG. 7 illustrates a testing process using the model of FIG. 6 according 1o an
embodiment;
[0024] FI1G. 8 illustrates a training process using occlusion edge detection to {rain a

model according to an embodiment; and

[0025] FI1G. 9 illustrates a testing process using the model of FIG. 8 according to an
embodiment.

DETAILED DESCRIPTION
[{0026] Embodiments dvnamically fuse information from available data channels for

perception related tasks and alleviate the need for anchor points between sensor modalities.
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Example sensor modalities include LiDAR, video, Radio Detection And Ranging (RADAR),
Short Wavelength Infrared (SWIR), and Global Positioning System (GPS) sensor data, for
instance. Additionally, derived sensor modalities can be used as data channels, such as
horizontal and vertical components of optical flow. Optical flow provides information of
scene dynamics and is expressed as an estimate of velocity at each pixel from two
consecutive image frames.  To determine optical flow, a motion field change between two
frames can be measured by the motion of a pixel brightness pattern, where the changes in
image brightness are due to the camera and/or object motion. Embodiments can include
training a model and testing of multi-modal sensor data using the model to perform various
perception related tasks such as sensor alignment adjustment, visualization, and navigation
decision making.

{0027] Referring now to the drawings, FIG. 1 illustrates a vehicle 100 with a
perception system 101 according to an embodiment. Although vehicle 100 is depicted as a
ground vehicle, embodiments can be applied to any type of vehicle or mobile machine that is
optionally manned or autonomous, such as an aircraft, watercraft, spacecraft, robot, or the
like. The perception system {01 includes a perception processor 102 interfaced with a sensor
system 104 that includes multiple modalities. In the example of FIG. 1, sensor system 104
imcludes at least one imaging sensor 106 and at least one ranging sensor 108. The imaging
sensor 106 can be a video camera that provides color (e.g., red (R}, green {G), blue (B))
and/or grayscale images to the perception processor 102. The ranging sensor 108 can be a
LiDAR sensor or other similar sensor capable of determining depth/distance (e.g., an
ultrasonic sensor). The perception processor 102 can control positioning of the imaging
sensor 106 using actuator 110 and can control positioning of the ranging sensor 108 using
actunator 112. The sensor system 104 can include other sensors types, such as gyroscopes,
GPS, accelerometers, and the like.

{0028] The perception processor 102 is a processing system which can include
memory {o store instructions that are executed by one or more processors. The executable
mstructions may be stored or organized in any manner and at any level of abstraction, such as
in connection with a controlling and/or monitoring operation of the sensor system 104 of
FIG. 1. The one or more processors can be any type of central processing unit {CPU),
including a microprocessor, a digital signal processor (DSP), a microcontroller, an
application specific integrated circuit (ASIC), a field programmable gate array (FPGA), or
the like. Also, in embodiments, the memory may include random access memory (RAM),

read only memory (ROM), or other electronic, optical, magnetic, or any other computer
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readable medium onto which is stored data and algorithms in a non-transitory form. The
perception processor 102 can include one or more graphics processing units (GPUs) which
may support vector processing using a single instruction multiple datapath (SIMD)
architecture to process multiple layers of data substantially in parallel.

{0029] FIG. 2 illustrates a training process 200 using supervised learning 202 to train
a model 204 according to an embodiment. In the example of FIG. 2, a data source 206
provides training data 205 to develop the model 204 after preprocessing 208 is performed.
The training data 205 in data source 206 can originate from data captured by the sensor
system 104 of FIG. | during a training phase. The training process 200 may be performed as
part of an off-line process using a separate processing system other than the perception
processor 102 of FIG. 1. Alternatively, the perception processor 102 may be configured in a
training phase to implement the training process 200 of FIG. 2.

[0030] In the example of FIG. 2, training data 205 includes video and LiDAR data
with a fixed set of misalignments. For instance, since the imaging sensor 106 and ranging
sensor 108 are mounted at different positions on the vehicle 100 of FIG. 1, the sensors 106
and 108 may not be aligned with precision for the same field of view. Further, the actuators
110 and 112 enable the sensors 106 and 108 to be dynamically repositioned. For purposes of
training, one or more sets of misaligned data with a known degree of misalignment are used
to train the model 204. Video frame data 210 from training data 205 can be provided to a
region-of-interest detector 212 that may perform edge detection or other types of region
detection known in the art as part of preprocessing 208. A patch detector 214 can detect
patches (i.e.. areas) of interest based on the regions of interest identified by the region-of-
interest detector 212 as part of preprocessing 208. For example, a threshold can be applied
on a percentage of pixels with edges in a given patch. A labeler 216 merges LiDAR data 218
from the training data 205 with video data 210 from selected patches of interest as detected
by the patch detector 214 as part of preprocessing 208. For each selected patch, the labeler
216 fuses video frame data 210 and LiDAR data 218 as multiple channels for each
misalignment and assigns labels. For example, if the training data 205 includes nine different
misalighment sets, then labeling can be performed for each of the nine sets of misaligned
data. The labeled data from the labeler 216 is used for supervised learning 202 {o {rain model
204 using a convolutional neural network (CNN) which may also be referred to as a deep
CNN or DCNN. The model 204 for auto-registration is trained to classify the current
misalignment of the LiDAR-video data streams into a predefined set of offsets. Supervised

learning 202 compares classification results of the model 204 to a ground truth and can
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continue running iterations of the model 204 until a desired level of classification confidence
is achieved. The preprocessing 208 and training of the model 204 of FIG. 2 are further
described with respect to FIGS. 3 and 4.

[0031] FIG. 3 illustrates a relationship between channels 302, patches 304, and
images 306. As one example, at each video frame time step, inputs to preprocessing 208 of
FIG. 2 include C channels of data with C ranging from three to six channels 302. The
channels 302 can include grayscale Gr or (R,G,B) information from the video frames 210,
horizontal and vertical components of optical flow (U,V) derived from changes between the
video frames 210, and depth information L from LiDAR data 218. The data from each
modality in channels 302 are reshaped to a fixed size of 800 x 256 values in the example of
FIG. 3 as images 306, which are partitioned into p x p paiches 304 at a prescribed stride.
Each p x p patch 304 1s stacked across C channels 302, effectively generating a vector of C
dimensions. Preprocessing parameters are denoted by patch size p, stride s, and the number
of input channels C.

[0032] Preprocessing 208 is repeated N times, where N is the number of offset
classes. For each offset class, the video (R,G,B) and optical flow (U,V) channels can be kept
static, and the depth (L) channel from the LiDAR data 218 can be shified by an offset
misalignment between the imaging sensor 106 and the ranging sensor 108 of FIG. 1. In order
to accurately detect the misalignment in the sensor data, a threshold can be set to limit the
information available in each channel. The LiDAR data 218 typically has regions of sparsity
and hence the LiDAR patches with a variance (e.g., o° < 15%) are dropped from the final
data set. This leads 1o the elimination of the majority of foreground patches in the data set,
reducing the size of the training set.

[0033] FIG. 4 illustrates a deep convolutional neural network (DCNN) model 400
according to an embodiment. The DCNN model 400 is an example of the model 204 of FIG.
2. The DCNN model 400 shares weights in the training phase (e.g., training process 200),
resulting in fewer model parameters and more efficient training as compared to other
machine learning methods. DCNNSs in general are particularly useful for problems in which
local structure is important, such as object recognition in images and temporal information
for voice recognition. Altemating steps of convolution and pooling generate features at
multiple scales, which in turn imbue the DCNN model 400 with scale invariant
characteristics.

{0034] The DCNN model 400 is a feedforward artificial neural network that has more

than one layer of hidden units between its inputs and outputs. Each hidden unit, j, uses a
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nonlinear mapping function, often the logistic function, to map its total input from the layer
below, x;, to the scalar state, y;, that it sends to the layer above, where b; is the bias of unit j, 1
is an index over units in the layer below, and w;; 1s the weight to unit j from unit 1 in the layer

below. The values of y; and x; can be computed according to equation 1.

1 .
Vi = T Wwherex; =b; + i ViWij (Equation 1)
{0035] For DCNNSs, convolution is performed at convolutional layers to extract local

structure features from the features of the previous layer. Additive bias is applied at this
point. This is followed by a local pooling step. A nonlinear mapping (e.g., a sigmoid) is
applied after either the convolution or pooling layer and can vary by implementation.
lteratively repeating the convolution and pooling steps results in a DCNN architecture for
DCNN model 400 as illustrated in FIG. 4.

[0036] The value for each spatial point (x,y) on the jth feature map in the ith layer 1s
denoted as v according to equation 2, where b;; is the bias for the feature map, m indexes over
the set of feature maps in the (i-1)th layer connected to the current feature map, w is the value
at the position (p,q) of the kernel connected to the kth feature map, and P; and Q; are the

height and width of the kernel respectively.

vf}y = tanh(b;; + X, Z;i_lZgi_lwgqmvg_%ﬁyﬂtq) {Equation 2)

{0037] In the context of sensor registration, the target layer of the DCNN model 400
can be chosen to represent the degree to which sensor information is nusaligned. This
information can in turn be used to properly register sensor data by physical manipulation of
the sensors or within the system software. Methods for improving the accuracy of DCNN
model 400, such as dropout, may be applied. Dropout (e.g., averaging resulis over multiple
lower dimensional versions of the model) can be especially useful for applications where the
amount of available data is of a marginal size to learn the number of necessary parameters in
the DCNN model 400.

{0038] In embodiments having initial data with sensors properly registered, the
DCNN model 400 can be trained on versions of the data at various known offsets, such as the
example of FIG. 2 to train model 204. The wnput to the DCNN model 400 can be a matrix
representation of channels 408 from sensors 106, 108 and any supplemental information
nodes (e.g., LIDAR 402, video 404, optical flow 406). The DCNN model 400 can be created
with standard iterative layers of convolution 410 and pooling 412, terminating in a soft-max

layer 414 for classification of any input sensor pairings as one of the known offsets. The
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soft-max layer 414 is a fully connected layer that enables the offset prediction to be
interpreted as a distribution or as a discrete classification result.

[0039] In the example of FIG. 4, the DCNN model 400 includes three pairs of
convolution-pooling layers that estimate the offset between the LiDAR-video inputs at each
time step. For each patch within a time step, there are N variants with the LiDAR-video-
optical flow imputs offset by the predetermined amounts. The DCNN model 400 outputs to
soft-max layer 414, thereby providing an offset classification value for each patch of the
frame. Patches, such as patches 304 of FIG. 3, may be implemented as 32 x 32 patches
stacked across the different channels and provided as the input channels 408 to the DCNN
model 400. All six channels 408 (RGBLUV) may be used or fewer/altemate input
configurations can be used in embodiments. As one example. a first convolutional layer
410A uses 32 filters (or kernels) of size 5 x 5 x C with a stride of 1 pixel and padding of 2
pixels on the edges. A first pooling layer 412A generates input data (of size 16 x 16 x 32) for
a second convolutional layer 410B. The second convolutional layer 410B can use 32 filters
of size 5 x 5 x 32 with a stride of 1 pixel and padding of 2 pixels on the edges. A second
pooling layer 412B, similar to the first pooling layer 412A is used to generate input with size
& x 8 x 32 for a third convolutional layer 410C that uses 64 filters of size 5 x 5 x 32 with the
siride and padding configured the same as the second convolutional layer 410B. The third
pooling laver 412C with a similar configuration as the first and second pooling layers 412A,
412B connects to soft-max layer 414 with labels corresponding to classes generated from the
shified data. In one embodiment, the DCNN model 400 was trained using stochastic gradient
descent with a mini-batch size of 100 epochs. The DCNN model 400 can be configured with
Rectified Linear Units (ReLUs) that train several times faster than equivalents with tanh
connections.

[0040] FIG. 5 illustrates a testing process 500 using the model 204 of FIG. 2
according to an embodiment. The testing process 500 can be implemented by the perception
system 102 of FIG. 1. Multi-modal sensor data 502 from sensors 106 and 108 having
different modalities can be fused in a live stream from sensor system 104, for instance,
including video and LiDAR data. Fusing of multi-modal sensor data 502 can also include
creating one or more derived input channels for data derived from sensor data, such as optical
flow. A region-of-interest detector 504 analyzes the multi-modal sensor data 502 to detect
any regions of inferest such as edges. The region-of-interest detector 504 can perform the
same operations as the region-of-interest detector 212 of FIG. 2, for instance, using edge

detection techniques known in the art.
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{0041] If no regions of interest (e.g., edges) are detected by the region-of-interest
detector 504, then block 506 continues processing of the multi-modal sensor data 502 as
more samples/frames of data are acquired. If at least one region of interest is detected by the
region-of-interest detector 504, then block 506 passes the region of interest information fo a
patch detector 508. The patch detector 508 can perform the same operations as the patch
detector 214 of FIG. 2. For example, the patch detector 508 can detect patches (i.e., areas) of
interest based on the regions of interest identified by the region-of-interest detector 504. A
threshold can be applied on a percentage of pixels with edges in a given patch to reduce the
data set size passed to the model 204 trained by training process 200 of FIG. 2.

{0042] At block 510, if the patch detector 508 does not detect at least one patch of
mterest, then processing of the multi-modal sensor data 502 continues as more
samples/frames of data are acquired. If the patch detector 508 detects one or more patches of
interest in the multi-modal sensor data 502, then the model 204 is applied to the one or more
paiches of interest using a deep convolutional neural network based on the training process
200 of FI1G. 2. In the example of FIG. S, a result of the model 204 includes classification
values 512 that are provided to post-processing 514.

{0043] The post-processing 514 can include ageregating 516 the classification values
512 and dentifving 518 a dominating label representing an alignment offset between sensors
106, 108 to determine whether a misalignment exists. For example, various horizontal and
vertical offsets between sensors 106 and 108 can have classification values assigned {(e.g.,
classl = no offset, class2 = pixel offset (12, 32), class3 = pixel offset (0, 24), class4 = pixel
offset (16, 8), class5 = pixel offset (20,-16), etc.). When classifications are aggregated from
each patch for a given frame, a dominating (i.e., most common) label is used as a final
alignment/misalignment indicator post-processing result. At block 520, if the alignment is
deemed to be correct (e.g., within a threshold misalignment), then processing of the multi-
modal sensor data 502 continues as more samples/frames of data are acquired. If there is a
misalignment detected at block 520, then a decision making block 522 determines how to
adjust either or both of the actuators 110, 112 by mapping 524 the dominating label from
block 518 to positioning of the actuators 110, 112. For instance, if the dominating label maps
to a misalignment offset X/Y between the actuators 110, 112, the decision making block 524
can command adjustments to either or both of the actuators 110, 112 to correct the
misalignment. Commanding adjustments to both actuators 110, 112 in parallel may correct
the misalignment faster as both move a smaller amount individually to remove a relative

misalignment difference between sensors 106 and 108.
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{0044 ] FIG. 6 illustrates a traiming process 600 using unsupervised learning 602 to
train a model 604 according to an embodiment. In the example of FIG. 6, a data source 606
provides training data 605 to develop the model 604 after preprocessing 608 is performed.
The training data 605 in data source 606 can originate from data captured by the sensor
system 104 of FIG. 1 during a training phase. The training process 600 may be performed as
part of an off-line process using a separate processing system other than the perception
processor 102 of FIG. 1. Alternatively, the perception processor 102 may be configured in a
training phase to implement the training process 600 of FI1G. 6.

[0045] In the example of FIG. 6, training data 605 mcludes video and LiDAR data
from aligned sensors, e.g., sensors 106 and 108 of FIG. 1. Given multi-modal sensor data
with no prior knowledge of the system, it is possible to register the data streams. For
itlustration, training process 600 is described with respect to a LiDAR-video registration
example. By creating an over-constrained deep auto-encoder (DAC) definition, the DAC can
be driven to capture mutual information in both the LIDAR and video data by reducing the
randomness of a DAC bottleneck layer (1.e., a reduction layer) well beyond the rank at which
optimal reconstruction occurs. Minimizing the reconstruction error with respect to relative
shifis of the LiDAR-video data reflects that the current alignment of the sensor data has the
greatest correlation possible (i.e., smallest misalignment). This method can be applied for
both spatial and temporal registration.

{0046] A deep neural network auto-encoder (DNN-AE) takes an input x € R% and

first maps it to the latent representation h € Rd'using a deterministic function of the type
h= fo= c(Wx+b)ywith8 = {W,b} where W is the weight and b is the bias. This
“code” is then used to reconstruct the input by a reverse mapping of y = f8'(h) =
aW'h+ b )Ywith6' = {W’',b'}. The two parameter sets are usually constrained to be of
the form W’ = WT, using the same weights for encoding the input and decoding the latent
representation. Each training pattern x; is then mapped onto its code h; and its reconstruction
y;. The parameters are optimized, minimizing an appropriate cost function over the training
set Dy = {(Xo, t0),..., Xn, ta)}.

{0047] The first step includes using a probabilistic Restricted Boltzmann Machine
(RBM) approach, trying to reconstruct noisy inputs. The training process 600 can involve the
reconstruction of a clean sensor input from a partially destroyed/missing sensor. The sensor
mput x becomes corrupted sensor input X by adding a variable amount v of noise distributed

according to the characteristics of the input data. An RBM network is trained initially with

10
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the same number of layers as envisioned in the final DNN-AE in model 604. The parameter
v represents the percentage of permissible corruption in the network. The model 604 is
trained to de-noise the inputs by first finding the latent representation h = fu(x) =
o(Wx + b) from which to reconstruct the original inputy = f8'(h) = c(W'h + b').
[0048] As part of preprocessing 608, video frame data 610 from training data 605 can
be provided to a region-of-interest detector 612 that may perform edge detection or other
types of region detection known in the art, similar to region-of-interest detector 212 of FIG.
2. A patch detector 614 can detect patches (i.e., areas) of interest based on the regions of
interest identified by the region-of-interest detector 612 as part of preprocessing 608, similar
to patch detector 214 of FIG. 2. Data fuser 616 can merge LiDAR data 618 from the training
data 605 with video data 610 from selected patches of interest as detected by the patch
detector 614 as part of preprocessing 608, The video frame data 610 and LiDAR data 618
fused as multiple channels for each misalignment are provided for unsupervised learning 602
of model 604. Although depicted as a deep convolutional auto-encoder (CAE), the model
604 can use a CAE or a DNN-AE, and more generally, a deep auto-encoder.

{0049] F1G. 7 illustrates a testing process 700 using the model 604 of FIG. 6
according to an embodiment. The testing process 700 can be implemented by the perception
system 102 of FIG. I. Multi-modal sensor data 702 from sensors 106 and 108 having
different modalities can be fused in a live stream from sensor system 104, for instance,
including video and LiDAR data. Fusing of multi-modal sensor data 702 can also include
creating one or more derived input channels for data derived from sensor data, such as optical
flow. A region-of-interest detector 704 analyzes the multi-modal sensor data 702 to detect
any regions of interest, such as edges. The region-of-interest detector 704 can perform the
same operations as the region-of-interest detector 612 of FIG. 6, for instance, using edge
detection techniques known in the art.

[0050] If no regions of interest (e.g., edges) are detected by the region-of-interest
detector 704, then block 706 continues processing of the multi-modal sensor data 702 as
more samples/frames of data are acquired. If at least one region of interest is detected by the
region-of-interest detector 704, then block 706 passes the region of interest information fo a
patch detector 708. The patch detector 708 can perform the same operations as the patch
detector 614 of FIG. 6. For example, the patch detector 708 can detect patches (i.e., areas) of
interest based on the regions of interest identified by the region-of-interest detector 704. A
threshold can be applied on a percentage of pixels with edges in a given patch to reduce the

data set size passed to the model 604 trained by training process 600 of FIG. 6.
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{0051] At block 710, if the patch detector 708 does not detect at least one patch of
mterest, then processing of the multi-modal sensor data 702 continues as more
samples/frames of data are acquired. If the patch detector 708 detects one or more patches of
mterest in the multi-modal sensor data 702, then the model 604 is applied to the one or more
patches of interest using a deep convolutional neural network based on the training process
600 of FIG. 6. In the example of FIG. 7, a result of the model 604 includes a reconstruction
error 712 that is provided to post-processing 714.

[0052] The post-processing 714 can include aggregating 716 the reconstruction error
712 from each patch for a given frame and analyzing 718 the reconstruction error to identify
the direction of misalignment between sensors 106, 108. At block 720, if the alignment is
deemed to be correct (e.g., within a threshold misalignment), then processing of the multi-
modal sensor data 702 continues as more samples/frames of data are acquired. If there is a
misalignment detected at block 720, then a decision making block 722 determines how to
adjust either or both of the actuators 110, 112 by mapping 724 the misalignment from block
718 to positioning of the actuators 110, 112.

{0053] The testing process 500 of FIG. 5 and testing process 700 of FIG. 7 can be
used to adjust the alignment of sensors 106 and 108 of FIG. 1 depending on whether
supervised or unsupervised learning is performed. In order to perform occlusion edge
detection, the sensors 106 and 108 must be aligned. Therefore, either testing process 500 of
FIG. 5 or testing process 700 of FIG. 7 can be performed to align the sensors 106 and 108
prior to executing a training process &00 of FIG. 8 to perform occlusion edge detection to
train a model 804 with supervised learning 802 according to an embodiment. In the example
of FIG. &8, a data source 806 provides fraining data 805 to develop the model 804 after
preprocessing 808 is performed. The training data 805 in data source 806 can originate from
data captured by the sensor system 104 of FIG. | during a training phase, where the data are
tabeled with occlusion edges for training. The training process 800 may be performed as part
of an off-line process using a separate processing system other than the perception processor
102 of FIG. 1. Alternatively, the perception processor 102 may be configured in a training
phase to implement the training process 800 of FIG. 8.

[0054] In the example of FIG. 8, training data 805 includes video and labeled LiDAR
data with occlusion edges. Occlusion edges are useful for a wide array of perception related
tasks including object recognition, feature selection, grasping, obstacle avoidance, navigating,
path-planning, localization, mapping, stereo-vision and optic flow. In addition to numerous

applications, occlusions edges can be used in perception applications for figure/ground
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determination. Once occlusion boundaries have been established, depth order of regions
becomes possible which aids navigation, simultaneous localization and mapping (SLAM) and
path planning. Occlusion edges help image feature selection by rejecting features generated
from regions that span an occlusion edge. As these are dependent on viewpoint position,
removing variant features saves further processing and increases recognition accuracy.

{0055] In many object recognition problems, the shape of the object is betier for
recognition rather than its appearance, which can be dramatically altered, e.g., by painted
objects, shadows, camouflage and people wearing different clothes. However, shape
determination 1s not the approach for SIFT-based object recognition algorithms.
Furthermore, knowledge of occlusion edges helps with stereo vision and optic flow
algorithms. In robotics, geometric edges of objects demarcate spatial extents helping with
grasping, manipulation as well as maneuvering through the world without collision and
therefore, knowledge of occlusion edges is essential.

[0056] As part of preprocessing 808, video frame data 810 from training data 805 can
be provided to a region-of-interest detector 812 that may perform edge detection, occlusion
edge detection, and‘or other types of region detection known in the art. A patch detector 814
can detect patches (i.e., areas) of interest based on the regions of interest identified by the
region-of-interest detector 812 as part of preprocessing 808, similar to patch detector 214 of
FIG. 2. A labeler 816 merges labeled LiDAR data 818 from the training data 805 with video
data 810 from selected patches of interest as detected by the patch detector 814 as part of
preprocessing 808, For each selected patch, the labeler 816 labels patches of interest with
edge or occlusion edge labels based on a dominating (i.e., most common) label for the
selected patch. Labeling can simply indicate whether or not occlusion edges have been
found. Once pre-training and preprocessing 808 are done, the model 804 uses the DCNN
model 400 of FIG. 4 in performing supervised learning 802 with respect to a ground truth.
{0057] FIG. 9 illustrates a testing process 900 using the model 804 of FIG. 8
according to an embodiment. Multi-modal sensor data 902 from data source 901 {e.g.,
previously acquired data) having different modalities can be fused with a live stream of
sensor data from either or both sensors 106 and 108 of sensor system 104 of FIG. 1 including,
for mstance, LiDAR and/or video data. Fusing of multi-modal sensor data 902 can also
include creating one or more derived input channels for data derived from sensor data, such
as optical flow. A region-of-interest detector 904 analyzes the multi-modal sensor data 902

to detect any regions of interest such as edges and/or occlusion edges. The region-of-interest
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detector 904 can perform similar operations as the region-of-interest detector 812 of FIG. 8,
for instance, using edge detection and occlusion edge techniques known in the art.

{0058] If no regions of interest {(e.g., edges and/or occlusion edges) are detected by
the region-of-interest detector 904, then block 906 continues processing of the multi-modal
sensor data 902 as more samples/frames of data are acquired. If at least one region of interest
is detected by the region-of-interest detector 904, then block 906 passes the region of interest
information to a patch detector 907. The patch detector 907 can perform similar operations
as the patch detector 814 of FIG. 8. For example, the patch detector 907 can detect patches
(i.e., areas) of interest based on the regions of interest identified by the region-of-interest
detector 904. Patches containing edges identified using data from video/image frames can be
analyzed further using LiDAR data for depth perception to assign a confidence of the
existence of edges and/or occlusion edges in patches of interest.

{0039] At block 908, if the patch detector 907 does not detect at least one paich of
interest, then processing of the multi-modal sensor data 902 continues as more
samples/frames of data are acquired. If the patch detector 907 detects one or more patches of
interest in the multi-modal sensor data 902, then a check can be performed at block 909 to
determine whether there are multiple sensors of different modalities available. For example,
one or more of the sensors 106 and 108 may not be available due to damage or a fault
condition. If multiple sensors are determined to be available at block 909, then at block 910
an alignment check is performed to determine whether sensors 106 and 108 are presently
aligned or misaligned. If the sensors misaligned, then at block 911 a portion of process 500
of FIG. 5 (supervised) or process 700 of FIG. 7 (unsupervised) can be performed to correct
sensor alignment prior to applying model 804. If at block 909 multiple sensors are
unavailable or at block 910 the sensors are aligned, then model 804 is apphied. The model
804 is applied to the one or more patches of interest using a deep convolutional neural
network based on the training process 860 of FIG. 8. In the example of FIG. 9, a result of the
model 804 includes classification data 912 (e.g., occlusion edge / no occlusion edge
classification per patch) that are provided to post-processing 914,

{0060] The post-processing 914 can include aggregating 916 the classification data
912 from each patch as a classification result and smoothing 918 the classification result, for
instance, using a Gaussian filter and/or temporal information, resulting in a post-processing
result. A visualization / decision making block 920 outputs perception indication 922 that

includes identification of occlusion edges. For example, the perception indication 922 can
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inchide occlusion edge detection information used by a decision making process, such as
autonomous navigation of the vehicle 100 of FIG. 1.

[0061] The terminology used herein is for the purpose of describing particular
embodiments only and is not intended to be limiting of the embodiments. While the present
disclosure has been described in detail in connection with only a limited number of
embodiments, it should be readily understood that the present disclosure is not limited to such
disclosed embodiments. Rather, the present disclosure can be modified to incorporate any
number of variations, alterations, substitutions or equivalent arrangements not heretofore
described, but which are commensurate with the spirit and scope of the present disclosure.
Additionally, while various embodiments of the present disclosure have been described, it is
to be understood that aspects of the present disclosure may include only some of the
described embodiments. Accordingly, the present disclosure is not to be seen as limited by

the foregoing description, but is only limited by the scope of the appended claims.
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CLAIMS
What is claimed 1s:

1. A method comprising:

fusing multi-modal sensor data from a plarality of sensors having different modalities;

detecting at least one region of interest in the multi-modal sensor data;

detecting one or more patches of interest in the multi-modal sensor data based on
detecting the at least one region of interest;

applying a model comprising a deep convolutional neural network to the one or more
paiches of interest;

performing post-processing of a result of applying the model to produce a post-
processing result for the one or more patches of interest; and

outpuiting a perception indication of the post-processing resuit.

2. The method of claim 1, wherein detecting the at least one region of interest

comprises performing edge detection on one or more images in the nulti-modal sensor data.

3. The method of claim 2, wherein the edge detection comprises occlusion edge
detection.
4, The method of claim 1, wheremn detecting the one or more paiches of interest

comprises applying a threshold on a percentage of pixels with edges in a given patch.

5. The method of claim 1, wherein the model is trained using a supervised
learning process for auto-registration of the multi-modal senor data and outputs classification
values.

6. The method of claim 5, wherein the post-processing comprises aggregating the
classification values and identifying a dominating label representing an alignment offset
between at least two of the sensors to determine whether a misalignment exists.

7. The method of claim 1, wherein the model is trained using an unsupervised
learning process using a deep auto-encoder and outputs reconstruction errors.

8. The method of claim 7, wherein the post-processing comprises aggregating the
reconstruction errors and identifying a misalignment between at least two of the sensors
based on the aggregation of the reconstruction errors.

9. The method of claims 6 or 8 wherein the perception indication is a
misalignment mdicator used to adjust at least one actuator of the at least two sensors having

the misalignment.
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10.  The method of claim 1, wherein the model is trained using a supervised
learning process for edge and occlusion edge labeling of the multi-modal senor data and
outputs classification values.

I1.  The method of claim 10, wherein the post-processing comprises aggregating
the classification values and smoothing the classification, and further wherein the perception
indication comprises identification of occlusion edges.

12. A system comprising:

a sensor system comprising a plurality of sensors having different modalities; and

a perception processor operable to fuse multi-modal sensor data from the sensors,
detect at least one region of interest in the multi-modal sensor data, detect one or more
patches of interest in the multi-modal sensor data based on detecting the at least one region of
interest, apply a model comprising a deep convolutional neural network to at least one
detected patch of interest, perform post-processing of a result of applying the model to
produce a post-processing result for the at least one detected patch of interest, and output a
perception indication of the post-processing resuit.

13.  The system of claim 12, wherein the at least one region of interest is detected
by performing edge detection on one or more images in the multi-modal sensor data.

14, The system of claim 12, wherein detection of the one or more patches of
interest comprises applying a threshold on a percentage of pixels with edges in a given patch.

15. The system of claim 12, wherein the model is trained using a supervised
learning process for auto-registration of the multi-modal senor data and outputs classification
values.

16.  The system of claim 15, wherein the posi-processing comprises aggregating
the classification values and identifying a dominating label representing an alignment offset
between at least two of the sensors to determine whether a misalignment exists.

17. The system of claim 12, wherein the model is trained using an unsupervised
{earning process using a deep auto-encoder and outputs reconstruction errors.

18. The system of claim 17, wherein the post-processing comprises aggregating
the reconstruction errors and identifying a misalignment between at least two of the sensors
based on the aggregation of the reconstraction errors.

19.  The system of claims 16 or 18, wherein the perception indication is a
misalignment indicator used to adjust at least one actuator of the at least two sensors having

the misalignment.
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20.  The system of claim 12, wherein the model is trained using a supervised
learning process for edge and occlusion edge labeling of the multi-modal senor data and
outputs classification values, the post-processing comprises aggregating the classification
values and smoothing the classification, and further wherein the perception indication

comprises identification of occlusion edges.
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