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Abstract

Introduction and Objectives: Unexploded ordnance in cluttered, occluded, and buried
environments present a major environmental and security risk for munitions response. Synthetic
aperture sonar technology presents an opportunity to mitigate these risks but suffer from reduced
fidelity and lowered recognition for potential targets in these challenging environmental
conditions. This project develops a suite of algorithms to enhance synthetic aperture sonar
beamforming for automated target recognition for buried unexploded ordnance detection. The
primary objectives for the project were to merge new advances in physics-based machine
learning with three-dimension synthetic aperture sonar to achieve higher resolution, improved
imagery, and better task performance in evaluation.

Technical Approach: This project introduces two primary innovations to advance the project’s
objectives: (1) a new differentiable beamforming method based on neural rendering for
volumetric synthetic aperture sonar reconstruction, and (2) a machine learning based tone
mapper for improving automated target recognition for buried unexploded ordnance detection.
Both methods were developed using state-of-the-art advances in machine learning and
computational imaging and were evaluated on exemplar data from a sub-bottom synthetic
aperture sonar of various man-made objects distributed on a lakebed.

Results: Differentiable beamforming resulted in improved three-dimensional synthetic aperture
sonar volumetric reconstructions including better visualizations of targets relative to clutter for a
circular in-air system as well as a bistatic water-based system. Further, machine learning based
tone mapping was shown to boost performance in both precision and recall for automated target
recognition for partially and fully buried objects.

Benefits: Benefits to the DoD and the scientific community include new knowledge of how to
merge the physics of underwater acoustics and beamforming with machine learning. New
algorithms and methodologies have been developed and shown via experimental demonstrations
as proof-of-concept. As shown in Figure 1 below, these algorithms can help synthetic aperture
sonar systems better visualize and recognize three-dimensional targets on the seafloor.

Sediment Volume Backprojection Proposed Method

Search Sonar (SVSS) \
h ¥ (
@ -

a) Cinder Block (Lorcs Up)

%@x@

©) Cylinder

d) Photos of cinder block
and cylinder

Figure 1: Differentiable beamforming for 3D synthetic aperture sonar - Our proposed
algorithms enable better target visualization as compared to background/clutter in shallow water
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Executive Summary

Objective

The technical objective for the project was to develop a suite of algorithms for enhanced
beamforming and automated target recognition (ATR) for unexploded ordnance (UXO) in
cluttered, occluded, and buried environments underwater. Physics-based knowledge including
scattering models, target modeling, and environmental characterization would be merged with
state-of-the-art machine learning-based ATR algorithms, to enhance their performance while
providing interpretability to these detectors/classifiers. An explicit goal was to leverage the
paradigm of differentiable programming where machine learning methods can be written alongside
physics-based models, and thus complement the relative advantages of each approach. This
differentiable programming would allow beamforming and ATR as an end-to-end pipeline to
optimize target detection and classification, specifically for buried munitions. This objective would
be accomplished over a one-year period to assess the feasibility of this approach, including how it
can be scaled up and deployed in future efforts for in-the-field operation.

We aimed to develop solutions for goals issued in the 2017 SERDP Workshop on Acoustic
Detection and Classification of Munitions in the Underwater Environment [1]. The main avenues
of future work identified in the workshop include: (1) Improve sensor models to handle more
complicated environments and munitions geometries including munitions in the vicinity of clutter
so that munitions’ acoustic response can be simulated at a high fidelity to augment data from
experiment and demonstration efforts, and (2) Develop processing for 3D low frequency sonar to
produce additional data products for use in classification. Both modeling and previous
experimental results can be used as a starting point. As part of this effort carryout configuration
studies, e.g., trade-offs in bandwidth, beam width, and number and arrangement of sensors. The
proposed research aims to address both these thrusts through the integration of the physics of sonar
imaging with modern machine learning ATR algorithms.

There were several technical research questions to be investigated over the course of the
SEED project, including: (1) How can automated target recognition algorithms utilize both
knowledge of the raw acoustic waveforms as well as the beamformed SAS imagery to better
perform detection/classification? (2) How can the physics of acoustic scattering for partially-to-
fully buried targets in sediment be leveraged in an ATR pipeline? (3) How do we design optimal
beamforming for improved ATR performance for underwater munitions detection and
classification? The SEED project aimed to tentatively answer these questions with pilot studies
and prototype preliminary algorithms.

In particular, there were three main tasks to be pursued to answer the above research
questions. The first task, Task 1: Differentiable Beamforming for 3D SAS, was to show proof-of-
concept that differentiable beamforming could be accomplished for 3D SAS. The second task,
Task 2: Coupling Beamforming with ATR, was intended to understand which beamforming
operations and signal processing were optimal for ATR applications and establish the feasibility of
using a differentiable beamformer in an end-to-end fashion. Finally, the last task, Task 3: Enhanced
Performance for Buried UXO using Acoustical Scattering Models, aimed to enhance the
performance of ATR models using physics-based knowledge to tailor algorithms for specific
buried UXO detection and classification. Results for all these tasks were to be demonstrated via
simulation, experimental prototyping in-air using a circular SAS sensor for lab bench testing, as
well as deploying algorithms on real sensor data captured in the field from existing SERDP funded
efforts, namely from the Sediment Volume Search Sonar (SVSS) [2].



Background
In recent years, synthetic aperture sonar (SAS) has proven to be the best method for capturing high

resolution images of the seafloor [3, 4]. As such, SAS imaging has found important military
applications for detecting and classifying under-water mines. Research has demonstrated the
ability of low frequency sonar to generate images through SAS [5, 6], while high frequency sonars
have indicated the presence of elastic responses for targets on the seafloor. Since SAS images are
captured by systematically scanning large areas of the seafloor, this technology is particularly of
interest for wide area coverage of detection and classification of military munitions for a wide
variety of aquatic environments including ponds, lakes, rivers, and shallow coastal areas of interest
to SERDP.

For SAS imaging, automated target recognition (ATR) algorithms are the most practical
and efficient methods of detecting targets in these conditions [7]. There have been numerous
advances in ATR technology, particularly using machine learning [8, 9]. Machine learning
techniques have achieved state-of-the-art performance, but typically require large amounts of
training data and have a “black-boxed” nature to their operation, where decisions made by the
algorithms are not human interpretable and uncertainty/confidence estimation is difficult to
quantify.

While there has been much success for SAS ATR for targets on the seafloor, the particular
problem of partially to fully buried unexploded ordnance (UXO) is challenging. In general, high
frequency imaging sonars can visualize 2D images of the water/sediment interface and proud
targets while low frequency imaging sonars can create either 2D images of the interface and proud
targets or 3D images of the sub-bottom and buried targets [1]. However, the detection of buried
UXO is complicated by effects from the sediment interface, volume reverberation, and multipath
effects. To mitigate these problems, typically 3D SAS imaging is required to penetrate the sediment
layer. An example system is the BOSS system [10], although it has difficulty due to variations in
object and radiometric geometries as well as loading effects of sediment due to burial depth. The
Applied Research Laboratory at Penn State University (ARL-PSU) has developed a Sediment
Volume Search Sonar (SVSS) capable of detecting surficial and buried UXO in water less than Sm
in depth [2].

One main technical tool utilized in this SEED project is differentiable programming.
Differentiable programming refers to the paradigm of writing algorithms which can be fully
differentiated end-to-end using automatic differentiation for any parameter [11, 12]. This has been
applied for audio [13], 3D geometry processing [14] and light rendering [15].

Materials and Methods

Our SEED project resulted in two main technical innovations that were investigated to help
achieve the technical objectives listed in the Introduction. The first innovation is the use of
neural rendering to achieve differentiable 3D SAS beamforming, which primarily achieved the
objectives of Task 1. The second innovation is the design of enhanced signal processing and tone
mapping for 3D SAS ATR, which achieved superior performance to other competing methods for
buried UXO detection and satisfied the objectives of Tasks 2 and 3. In this section, we proceed to
describe the methods corresponding to innovations proposed for Tasks 1-3, and the subsequent
Results and Discussion section showcases the evaluation of these innovations in both simulation
and real experimental data.




Task 1: Differentiable Beamforming for 3D SAS. Conventional image reconstruction for 3D
SAS leverage time-domain backprojection where acoustic measurements are replica correlated or
matched filtered, and then beamformed (e.g. focused) back into voxels using knowledge of the
sonar’s geometry relative to the scene. However, these algorithms do not typically handle
occlusion, complex scattering effects, and sparse undersampling by the sonar. Further, such
algorithms have not been made compatible with deep machine learning methods including neural
networks that rely on gradient descent and other iterative solvers to update important parameters
in the algorithm.

In this task, the goal was to design a differentiable beamformer that could be compatible
with machine learning methods while still reconstructing 3D SAS data. We have achieved this
goal through the design of a neural volumetric renderer. Our proposed reconstruction method
(shown in Figure 2) consists of two main steps that roughly parallel traditional matched filtering
and coherent backprojection steps that are undertaken in conventional 3D beamforming. First,
we propose deconvolving given waveforms via an iterative deconvolution optimization rather
than performing matched filtering. While matched filtering can be optimized through waveform
design to realize a better ambiguity function in cross-correlation (i.e. better range compression),
these techniques require a priori knowledge and do not work across a variety of sonar
environments. In contrast, we present an adaptable approach to waveform compression where
performance can be tuned via sparsity and smoothness priors, which we label pulse
deconvolution.

Our second step is an analysis-by-synthesis reconstruction using an implicit neural
representation (similar to NeRF in traditional view synthesis [16]). We use a network to predict
complex-valued scatterers and use a differentiable forward model to synthesize complex sensor
measurements in time. Traditional NeRF scene sampling methods are not directly applicable to
our problem since we require sampling the scene points with constant time-of-flight, which
correspond to ellipsoids with the transmitter and receiver as foci. Thus, we project rays from the
transducer and sample rays at the intersection of ellipsoidal surfaces corresponding to
measurement time bins and develop importance sampling methods to determine transmission
probabilities for these rays and ellipsoidal surfaces. Finally, we explain how we implement our
physics-based priors, such as a Lambertian scattering assumption, and regularization to our
analysis-by-synthesis optimization. For technical details about the mathematical formulations
and insights into our differentiable forward model, use of implicit neural representations for
scene representation, ellipsoid sampling, and physics-based priors for optimization, we refer the
reader to our journal paper on the subject [17].
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Figure 2: Block diagram of our differentiable beamforming method - Given measurements
obtained from n sensor positions, the top row shows the traditional reconstruction pipeline and



the bottom row shows our proposed reconstruction pipeline. Our method applies pulse
deconvolution, which is an optimization that deconvolves the transmitted pulse from
measurements. We then propose neural backprojection, which uses a neural network to estimate
the scene and synthesizes measurements using our differentiable forward model. The network is
trained by minimizing a loss between synthesized and pulse deconvolved measurements.

Task 2: Coupling Beamforming with ATR. Our second task focused on how to couple
beamforming techniques with ATR, particularly to address the challenges of highly cluttered
ocean environments, especially for objects partially or completely buried in the sediment. In this
task, we observed that a key stage for processing SAS data is the choice of dynamic range
compression used in the pipeline. Conventional dynamic range compression (DRC) techniques
such as log-compression, which is a type of tone mapping intended to appeal to the human visual
system, can further obscure the sonar signatures of these already physically occluded objects and
lead to suboptimal downstream ATR performance, particularly for convolutional neural networks
(CNNs).

To address this, we have developed a novel machine learning-based approach for tone
mapping sub-bottom SAS imagery as a pre-processing stage in the 3D SAS ATR pipeline. This
learned tone mapping function can be jointly optimized with a CNN based ATR algorithm which
we show in the Results and Discussion section of this report. Figure 3 shows our proposed end-
to-end ATR pipeline. The differentiable pre-processing block takes in the raw amplitude imagery
and outputs a tone mapped data cube which is then fed to the 3D CNN for classifying the data as
target or clutter. Conventionally, the pre-processing block would perform DRC via the logarithm
function with a data normalization method applied afterwards. In the 3D case, implicit
assumptions in the normalization procedure with additional data transformations would have to
be made.

We propose to make this pre-processing stage in the SAS ATR pipeline learnable with
two ML variations of it. The first variation feeds dynamic range compressed data to an inverse
tone mapping layer which can either be a global inverse tone mapping function (e.g. sinh, cosh,
gamma function) applied uniformly across the data cube or a learned inverse tone mapping
function (iTMO) that uses a spatially varying 3D cube of differentiable weights applied across
the data cube. The combination of DRC (tone mapping) and inverse tone mapping yields a
composite function that tone maps the original raw amplitude data. In the second variation, we
utilize machine learning to learn the entire tone mapping directly from the raw amplitude data,
which we label as TMO. We utilize a two-layer differentiable tone mapping for this purpose.
This variation achieves the highest performance for classification in our experimental results. For
more technical description for this algorithm and its variations, we refer the reader to our
conference paper that describes the method in complete detail [18].

Task 3: Enhanced Performance for Buried UXO using Acoustical Scattering Models. Our
third task focused on enhancing the benefits of Tasks 1 and 2 by focusing primarily on buried
UXO and their scattering physics which can be leveraged to improve both visualization and ATR
performance. While there was no explicit innovation created to address this task during the
SEED project, we do note that our learning-based tone mapping achieved superior performance
on buried targets (as we will show in the next section of the report).
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Figure 3: End-to-end 3D SAS ATR pipeline - A 2D slice drawn from each representation of a
data cube along the depth channel to highlight how the operations of DRC, inverse tone mapping
(ITMO), and tone mapping (TMO) can transform the SAS imagery in the processing chain.

Results and Discussion:

Task 1: Differentiable Beamforming for 3D SAS - Results. In this SEED project, we have
successfully developed a differentiable beamforming method for 3D SAS reconstruction
leveraging our analysis-by-synthesis pipeline. To validate our method, we tested on simulated
data as well as two real-data sources for proof-of-concept. Our simulation results leverage a
time-of-flight renderer to simulate direct bounce of the acoustic wave in a scene, and allows us to
quantitatively evaluate performance with respect to ground truth scenes. Our first real data
source, AirSAS, is a circular in-air SAS in the laboratory for rapidly prototyping reconstructions.
Our other real-data source uses measurements captured from a lakebed, the Foster Joseph Sayers
Reservoir in Pennsylvania, using the SVSS. Our SVSS results validate our method's applicability
to underwater environments and bistatic transducer arrays.

In simulation, we compare our proposed method against backprojection, the polar
formatting algorithm, and gradient descent on simulated scenes measured with an LFM chirp of
20KHz center frequency and 20KHz bandwidth, as well as show reconstructions under different
noise levels as shown in Figure 4. Table 1 presents quantitative metrics averaged over
reconstructions from 8 different objects. Considering the PSNR metric, our approach offers 2 dB
improvement over other methods.

In Figure 5, you can see examples of experimental results for SAS in-air and water using
our methods. In all cases, our methods provide better reconstructions than traditional SAS



reconstruction algorithms. We refer readers to the journal paper for more extensive results and
comparisons [17].

Task 1 Assessment: Our self-assessment on the progress made in Task 1 is largely
positive. We have been able to publish an iterative, analysis-by-synthesis based method [17],
which is compatible with neural networks, and successfully showed 3D reconstruction for SVSS
data. This framework can be optimized further with additional priors in optimization and adding
more pre-trained neural networks for ATR downstream applications. One bottleneck for the
method is the latency (1-2 hours per reconstruction), but there are some methods in the literature
to accelerate scene reconstruction that can be pursued as follow-up research.
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Figure 4. Qualitative results for neural reconstructions on simulated data - (Left)
Reconstructions from simulated measurements using backprojection, gradient descent, the polar
formatting algorithm (PFA), and our method. Compared to other methods, our reconstructions
more accurately match the ground truth geometry. (Right) Simulation results using a 20 kHz
LFM showing the reconstructed meshes of an armadillo object at three noise levels. Our method
performs decently well even at -20 dB signal-to-noise-ratio on the raw acoustic measurements.
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Metric Chamfer | IOUT LPIPS| PSNRT MSE |
BP 1.36E-04 0.2928 0.1215 15.783 5.55E-03
GD 2.21E-04 0.4309 0.1236 15.117 6.13E-03
PFA 2.13E-04 0.3586  0.1238 15.048 6.64E-03
Ours 1.12E-04 0.5194 0.0988 17.918 3.99E-03

Table 1: Quantitative results for neural reconstructions for simulated data - Simulation
results showing the average quantitative metrics for Backprojection (BP), Gradient descent
(GD), the Polar formatting algorithm (PFA), and our reconstructions across 8 different meshes.
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Figure 5: Experimental results for neural reconstructions on real data - We propose an
analysis-by-synthesis optimization that leverages techniques from neural rendering to optimize
coherent reconstructions of SAS volumetric scenes. We demonstrate our approach on an in-lab
circular SAS in air (AirSAS) and in-water bistatic SAS, the sediment volume search sonar
(SVSS). On the left side of the figure, we show the AirSAS, 3D printed targets, and
reconstructions obtained using backprojection and our proposed method. On the right side, we
show 2D maximum intensity projections (MIPs) of the SVSS track and 3D reconstructions of
targets highlighted in orange. In many cases, our method produces better reconstructions than
traditional SAS reconstruction algorithms, such as backprojection. SVSS hardware photos
courtesy of [2].

Task 2: Coupling Beamforming with ATR - Results. We now discuss the results of our learning-
based tone mapping coupled with a downstream CNN for ATR. Allowing the CNN network to
make predictions based on tone-mapped data as opposed to the traditional log-compressed
representation has a direct effect on the classification performance. Table 2 shows area under the
curve for precision-recall (AUC-PR) values from testing on the SVSS June dataset with an
imbalanced ratio of 3-to-1 after applying 8 different TMOs on the DRC data cubes. The table
shows that tone mapping raw or DRC data increases ATR classification performance. Further,
the ML approach yields the highest performance for tone mapping buried objects.

For qualitative results, Figure 6 shows 2D slices of a partially buried object. The dynamic
range compressed imagery represents the object masked in visual clutter. The global iTMOs
attempt to preserve the acoustic energy of the object from the DRC imagery and present a more
appealing imagery to human observers than the other forms of the imagery. The ML inverse tone
mapping reduces the clutter on a level of a lower order gamma function but does not preserve the
original pixel intensity of the object. The ML tone mapping compresses the clutter around the
object and roughly preserves high level object details.



Data Representation

Precision-Recall AUC

Raw Data 0.693

DRC 0.785

DRC + 7 = 1 0.806
DRC + y =2 0.835
DRC + Sinh 0.824
DRC + Cosh 0.858
Williams and Brown [9] 0.838
DRC + 1 iTMO Layer 0.851
Raw + 2 TMO Layers 0.870

RAW

DRC COSH

Table 2: AUC-PR scores for 3D SAS
ATR on SVSS dataset — We show
quantitative AUC-PR scores for our
method with respect to other methods,
highlighting the performance benefits
of learning tone mapping layers for 3D
SAS ATR.

DRC + SINH

RAW + 2 TMO Layer

Figure 6: Visualization of tone mapping for 3D SAS data - 8§ different representations of a
buried object captured in the June 2019 SVSS dataset are shown. Note how the DRC operation
submerges the object in sediment clutter as opposed to the tone mapped imagery.

Task 2 Assessment: Our self-assessment for the success of Task 2 objectives is more mixed. We
have successfully shown that tone mapping is an important pre-processing step that is key to
ATR performance for 3D SAS and developed a technique to learn this tone mapping within the
CNN. This enhanced performance as well as visualization of the data. However, we were not
able to accomplish joint training of the differentiable beamforming in Task 1 with the ATR from
Task 2, as this requires building a large software pipeline and extensive experimentation to get
these methods to work together. We identify this as a potential avenue of further research to yield
the benefits of differentiable beamforming.



Task 3: Enhanced Performance for Buried UXO using Acoustical Scattering Models —
Results. For Task 3, we have conducted preliminary studies on the effectiveness of our ATR
methods for buried targets. Our learning-based tone mapping strategy seemed to effectively work
for partially buried and buried targets, achieving higher AUC-PR scores in Table 2 compared to
the conventional DRC tone mapping. For our differentiable beamforming, our current
formulation does not consider advanced scattering models for buried targets or multi-path
reflections. For instance, Figure 7 shows that effects such as elastic scattering are not captured in
our method’s reconstructions as compared to the conventional backprojection.

Figure 7: Elastic
Scattering — Note that our
differentiable beamforming
method fails to capture
elastic scattering from a
target in the red box, while
it does resolve higher
spatial resolution and detail
in the orange box.

Backprojection: Sensor Track Reconstructed Slice

Proposed Method: Sensor Track Reconstructed Slice

Task 3 Assessment: Our success on Task 3 has been limited and requires further study and
research. We have clearly identified a link between tone mapping and pre-processing the 3D SAS
data and the resulting ATR performance for buried objects. However, the acoustic scattering
physics of these buried objects is more advanced than our ray-based models leveraged for
differentiable beamforming, and thus our method is unable to capture these effects in
reconstruction.

Conclusions and Implications for Future Research: We have introduced two new algorithms
to perform differentiable beamforming via neural rendering and ML-based tone mapping
respectively for 3D SAS. The feasibility of both these approaches was not certain at the start of
the project, and the demonstration of these methods working in real SVSS field data shows the
promise of the proposed technical approach. Further, there have been some technical papers
published because of this research which disseminates the work widely to both the SERDP
community as well as the broader scientific audience.

There are several avenues for potential next steps in realizing these solutions for buried
UXO detection. First, these algorithms have not been integrated successfully with state-of-the-art
ATR algorithms such as the Mondrian detector or Tiny CNNs [9], which may help boost
performance even further. Second, our algorithms can be adapted to a wide variety of 3D SAS
platforms (such as the BOSS system) in addition to the SVSS. Finally, there is still room to
model more complex physical effects such as resonance and elastic scattering, as well as
multipath effects that make the detection of buried UXO more difficult. Follow-up research can
help extend these initial efforts in this general direction to validate the robustness of the methods
in these challenging use cases.
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