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ABSTRACT

We present a method to estimate an unknown isotropic source distribution, in space and energy, using
detector measurements when the geometry and material composition are known. The estimated source
distribution minimizes the difference between the measured and computed responses of detectors located at
a selected number of points within the domain. In typical methods, a forward flux calculation is performed
for each source guess in an iterative process. In contrast, we use the adjoint flux to compute the responses.
Potential applications of the proposed method include determining the distribution of radio-contaminants
following a nuclear event, monitoring the flow of radioactive fluids in pipes to determine hold-up locations,
and retroactive reconstruction of radiation fields using workers’ detectors’ readings. After presenting the
method, we describe a numerical test problem to demonstrate the preliminary viability of the method. As
expected, using the adjoint flux reduces the number of transport solves to be proportional to the number
of detector measurements, in contrast to methods using the forward flux that require a typically larger
number proportional to the number of spatial mesh cells.
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1. INTRODUCTION

We consider the problem of estimating the spatial and energy distribution of an unknown source using a
limited number of detector measurements, which can be appropriately classified an inverse problem. Although
there is no formal definition of an inverse problem, it is a near kin to ill-posed problems. Ill-posed problems
lack one or more “nice” properties of well-posed problems: existence and uniqueness of the solution, and
continuity of the operator.

The nuclear engineering literature in the past five decades is full of inverse problems. McCormick in [1]
reviews work on inverse problems up to 1992. Broadly, the papers fall into two categories: analytic solutions
and discrete solutions. Analytic methods seek a closed-form solution using manipulations of the transport
equation. In contrast, discrete methods begin with the discretized equations of the forward problem and
borrow techniques from numerical linear algebra, applied math, and optimization to solve the inverse problem.
(McCormick chooses a similar, but not identical, taxonomy: explicit and implicit methods.) Analytic solutions
were typical in the early years, while discrete solutions have received more interest in the past decade. This
paper focuses on the discrete approach.

Within the discrete approach, researchers in the past decade have tackled a variety of problems. These
problems could be classified according to which inputs to the forward transport problem are known or
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unknown. The inputs to a forward transport problem are geometry, material properties (including cross
sections and densities), and any external radiation sources, including boundary and initial conditions. In
an inverse problem, at least one of these inputs is unknown. For each combination of known and unknown
inputs, a distinct inverse problem exists. The particular combination places certain limits on the solution
methods available. A few of the recent inverse problems are here listed.

• Favorite, Bledsoe, and Ketcheson, in various co-author combinations, have considered geometry
and materials (partially) unknown in a series of papers. In a recurring test problem, they estimate
some of the dimension and composition parameters of a shielded uranium cylinder, assuming other
parameters known [2]. They have primarily used gradient-based minimization procedures, computing
the derivatives with adjoints [3]. However, recently they have presented results using global stochastic
minimization methods [2, 4].

• Mattingly and Mitchell tackled a problem in which the geometry was unknown but the materials
were known [5]. They include additional physics than most others, using both neutron counting and
gamma spectroscopy to constrain the solution. For the nonlinear minimization, they use the standard
Levenberg-Marquardt procedure.

• Miller and Charlton seek to triangulate and estimate the activity of a point source in 2-D near a
portal monitor at a border crossing [6]. They assume that the position of automobiles and trucks
could be obtained with image recognition and that the material cross sections of the automobiles and
surroundings could be reasonably estimated based on prior measurements. Thus, the problem is similar
to the one considered here, with the geometry and cross sections known. Their problem is focused on
identifying one point source, while we do not begin with this assumption.

In the present work, we consider a problem with known geometric and material configuration, but with
the spatial distribution and spectrum of the source unknown. It is assumed that the radioactive sources
do not appreciably change the geometry or material properties of the system. A possible application is in
hold-up measurements in a pipe, where the geometry and materials of the pipe are known, but the location of
small amounts of radioactive materials accumulating at certain points inside the pipe is unknown. A similar
situation could be imagined in a room where radioactive sources have been leaked or dispersed.

Inverse crimes The ultimate goal in an inverse problem is to accurately estimate system parameters based
on physical measurements using a mathematical model of the system and a minimization procedure. However,
while developing and implementing methods for inverse problems, researchers commonly avoid cumbersome
experiments by using a mathematical model to compute the expected values of the measurements. While this
practice is not inherently wrong, using the same model for the “measurements” and the inverse procedure
can make the procedure appear to perform extraordinarily well, even if the method would fail for actual
measurements.

In the inverse problem community, the term inverse crime describes the use of the identical numerical model
for both the forward and inverse solutions [7]. Although success of a method for an inverse-crime problem is
a necessary condition for success using real measurements, it is not a sufficient condition. Thus, while we do
commit a number of inverse crimes to test the initial viability of the method, we also include tests that do
not use the same forward and inverse models. Finally, note that the severest inverse crime is committed by
using the same discretization mesh for the measurements and the inverse solution (in our case, the mesh is
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the number of discrete ordinates, energy groups, and spatial mesh cells), while using different meshes with
the same numerical model is merely a “misdemeanor.”

2. METHODS

A common method to resolve inverse problems is to iterate on the unknown inputs using repeated forward
calculations. The new input guess can be found using a gradient-based or stochastic method. This is the
approach taken in Refs. [2, 5]. If the forward model can be represented by a mapping Tαx = y(α), and the
computed responses by an inner product r = 〈c, x〉, where α is the unknown input, the typical algorithm is
then:

Choose initial guess α0.
Loop for i = 0, 1, . . . until ri is close to the measured response:

Compute operator Tαi and right hand side y(αi).
Solve forward problem Tαi xi = y(αi).
Compute response ri = 〈c, xi〉.
Update inputs αi → αi+1.

Since solving the forward problem can be a computationally-expensive task, it is undesirable that the task is
inside the iteration loop. For inverse problems where the geometry and materials change significantly from
iteration to iteration, this may be the only viable option. However, for problems in which the materials and
geometry are known, there is another option.

It is well known that the response can be computed from the adjoint flux. In operator form, the Boltzmann
transport equation is

Lψ = q ,

where L is the streaming, collision, and scattering operator, ψ is the angular flux, and q is the external source.
The inner product of this equation with the so-called adjoint flux ψ† results in

〈ψ†, Lψ〉 = 〈L†ψ†, ψ〉 = 〈ψ†, q〉 ,

where 〈◦, ◦〉 denotes the inner product over independent variables. If we require that ψ† satisfy L†ψ† = σd,
where σd is the detector response function, then r = 〈ψ†, q〉.

Thus using the adjoint, we can modify the iteration algorithm to eliminate the expensive transport solve
from inside the loop. Switching to the transport notation to emphasize the specificity of the algorithm, the
optimization procedure becomes:

Choose initial guess for source q0.
Compute ψ† from L†ψ† = σd for each detector reading.
Loop for i = 0, 1, . . . until ri is close to the measured response:

Compute response ri = 〈ψ†, qi〉.
Update source qi → qi+1.
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Note that an adjoint is necessary for each detector reading. If we have l detector locations and g energies (in
groups or lines), then we need lg adjoint calculations. Also note that this algorithm is still general, since the
method of updating the source is unspecified. In the following, we proceed to a concrete algorithm.

Imagine we have l detector locations and g energy groups (or spectral lines) per location, stored in the vector
~rm ∈ �

lg
+ (m for measured). Here the real line is written as �+ = [0,∞). The spatial domain is discretized

into n cells (for instance, a cube mesh with 3√n cells per side). We compute a scalar adjoint flux ~φ †i , with a
detector response as the adjoint source, for each detector location and group for i ∈ {1, . . . , lg}, such that

L†~φ †i = ~σd,i ,

where ~φ †i , ~σd,i ∈ �
ng
+ and L† ∈ �ng×ng. Then we can compute the expected detector responses ~rc ∈ �

lg
+ , where

the i-th detector response from a source guess ~̃q ∈ �ng
+ is the well-known inner product (see, for example,

§1-6 in [8])
[~rc]i = (~φ †i )T~̃q for i = 1, . . . , lg .

Here ~x T is the transpose of ~x.

The transposed and stacked ~φ †i vectors form the matrix

Φ† =


(~φ †1)T

(~φ †2)T

...

(~φ †lg)T

 ,

so that Φ† ∈ �lg×ng. Then the computed responses ~rc are equal to the matrix-vector product

~rc = Φ†~̃q .

Thus the cost functional f : �ng → �+ that we seek to minimize can be written as

f
(
~̃q
)

=
∥∥∥~rm − ~rc

∥∥∥ =
∥∥∥~rm −Φ

†~̃q
∥∥∥ .

Since negative sources are unphysical, the best source estimate is

~q ∗ = arg min
~̃q ∈�ng

+

∥∥∥~rm −Φ
†~̃q

∥∥∥ . (1)

If Φ† is square and has full rank, one could find ~q ∗ such that f (~q ∗) = 0. If l , n and we use the 2-
norm, the minimization becomes a least squares problem. If l < n, the problem is underdetermined, and
a potentially infinite number of solutions to the inverse problem exist. Although we had limited success
with underdetermined problems with peaked (not widely distributed) sources, selecting from the class of
admissible solutions begs for more information. Thus, we focus on determined and overdetermined systems
here.

The constrained form of Eq. (1) is commonly called nonnegative least squares (nnls) [9]. A number of
algorithms exist to solve nnls problems. For all numerical results below except Figure 4e, we used the
Fortran subroutine nnls.f described in Ref. [10] and available on netlib.
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2.1 Basis of the Source Reconstruction

It is likely that the number of spatial cells n will exceed the number of detector readings per group l. Without
other modification, this would lead to an underdetermined system. This motivates us to reduce the number of
degrees of freedom of the unknown source. We phrase this process in terms of the basis in which the source
is expanded.

One could think of any number of basis functions for the source. Implicitly, the basis thus far has been the
canonical basis, that is, ng basis vectors with each vector having one element equal to 1 and all other elements
equal 0. We could form a canonical basis on a coarser spatial mesh, thus constraining the source to a constant
over groups of finer mesh cells. Or one could coarsen some cells but not others, leading to an adaptive
basis. If the source distribution is believed to be smooth over the domain, one could use a polynomial or
Fourier basis. Obviously, the choice of basis should incorporate any prior knowledge of features of the source
distribution.

For many of the non-canonical bases, there exists a linear map P : �pg → �ng so that

~̃q = P~x .

In this case, p is the spatial dimension of the smaller basis. We would choose p ≤ l, so that the transformed
problem

min
∥∥∥~rm − A~x

∥∥∥ subject to [~̃q]i = [P~x]i ≥ 0 for i = 1, . . . , ng (2)

is determined or overdetermined. Here A = Φ†P ∈ �lg×pg.

In the following numerical tests, we use an adaptive basis to ensure the problem is not underdetermined.

3. NUMERICAL RESULTS

3.1 Verifying the Numerical Adjoint

We would like to use a production code to compute the adjoint flux. The codes that we consider are TORT [11]
and Denovo [12]. For initial tests, we mush establish that the relative difference

ε =

∣∣∣ (~φ †)T~q − ~φ T~σd
∣∣∣

~φ T~σd
(3)

is as small as possible, that is, the response computed using the forward numerical flux matches the response
computed with the adjoint numerical flux to a certain number of digits. Although this is not as important for
later real-world problems with actual detector measurements, it is helpful to know what level of agreement
can be expected in preliminary tests.

We conducted some numerical experiments with a heterogeneous cube with one source cell and another
detector cell. The configuration is described in Table I. A unit source in both groups was placed in x ∈ [1, 2]
and y, z ∈ [0, 1], and the detector was a unit response in both groups in x, y, z ∈ [4, 5], all dimensions in
centimeters. Both forward and adjoint fluxes were computed using a variety of the spatial discretizations
available in TORT and Denovo. The forward and adjoint fluxes were then used to compute ε in Eq. (3).
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Table I: Description of the problem for numerical-adjoint test.

Macroscopic 2-Group Boundary Conditions Spatial Angular
Spatial Domain (cm) Cross Sections (/cm) (all faces) Mesh Quadrature

x, y, z ∈ [0, 5]

z ∈ [0, 3]:

σt =

[
1
1

]
, σs =

[
1/2 0
1/5 3/4

]
z ∈ (3, 5]: void

vacuum
5 × 5 × 5

10×10×10
20×20×20

LQ16
[8, §4-2]

Comparing ε for three mesh refinements and three levels of flux convergence criteria (10−3, 10−6, 10−9), as
shown in Table II, two categories emerge. In the first category, ε is within a factor of 100 of the convergence
criterion. In the second category, ε is only a weak function of the convergence criteria, often only changing
from a few percent to a few tenths of a percent over the range of convergence criteria. We call the first
category numerically-adjoint spatial discretizations. Table III categorizes the spatial discretizations that we
considered in our numerical experiment. Preferring to work with a numerically-adjoint scheme, we use the
tri-linear discontinuous option in Denovo for the following test problem.

3.2 Test Problem

We constructed a two-group homogeneous system, described in Table IV, to demonstrate our source recon-
struction method. For simplicity, the source distribution varies in only the x dimension. In the finest mesh
considered, the unknown source vector has 2 · 34 elements. Here we will only treat square linear systems, that
is, the number of source unknowns equals the number of detector readings. In all the following, the detector
response is unity in the group and spatial cell of interest, and zero elsewhere.

Full Detector Coverage The simplest way to solve this problem is to use 2 · 34 detector readings, one for
each group per fine mesh cell, and solve for 2 · 34 unknown sources. This is shown in Figure 1. Both the
forward calculation and the adjoint calculations use the same 34 mesh, making this a blatant inverse crime.
As we would expect, for this “illegal” system, it is possible to accurately identify the true source. While
this is helpful to show the consistency of the method, it does not prove much about a real problem, except,
perhaps, that the method still has a chance. The next series of tests moves closer to reality.

Adaptive Source Basis To reduce the number of detector measurements to a more realistic number, we
switch from the canonical basis of the previous test to an adaptive basis using the formalism of §2.1. The
concept of this basis is simple. Instead of jumping immediately to the finest mesh, this strategy begins at a
very coarse mesh, where only a few detectors are needed. The source is then reconstructed on this coarse
basis. The source basis (or mesh) is only refined in cells in which the solution exceeds a threshold δ. Then
the appropriate number of detector measurements are added, and the source is recomputed on the refined
mesh. This refinement process is repeated several times.

From a physical standpoint, this process represents an incremental deployment of detectors. Initially, only a
small number of measurements are taken, since it should be possible to make a rough estimate of the sources
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Table II: Comparison of relative inner product difference ε of Eq. (3) for various TORT and Denovo
spatial discretizations and flux convergence criteria.

Relative Inner Product Error

Convergence Criterion
No. of cells 10−3 10−6 10−9

TORT 53 0.042 0.042 0.042
Optimum 103 0.033 0.033 0.033
theta-weighted 203 0.028 0.028 0.028

53 0.11 0.11 0.11
Optimum 103 0.087 0.087 0.087
xyz nodal 203 0.023 0.023 0.023

53 0.0273 0.0273 0.0273
Characteristic 103 0.0047 0.0049 0.0049

203 0.0029 0.0024 0.0024

Denovo 53 0.14 8.4 × 10−5 8.6 × 10−8

Linear 103 0.019 4.3 × 10−5 6.2 × 10−8

discontinous 203 0.0014 2.0 × 10−5 1.7 × 10−8

53 0.078 2.5 × 10−5 1.2 × 10−7

Tri-linear 103 0.017 2.4 × 10−5 0.0
discontinuous 203 0.0025 1.1 × 10−5 4.2 × 10−9

53 0.0802 0.000 13 2.5 × 10−8

Step 103 0.020 2.8 × 10−5 5.7 × 10−8

characteristic 203 0.0023 1.8 × 10−5 8.5 × 10−9

53 0.021 1.3 × 10−5 2.5 × 10−8

Weighted 103 0.022 6.6 × 10−5 1.1 × 10−7

diamond-difference 203 0.0014 2 × 10−5 1.7 × 10−8

53 0.056 0.025 0.025
Theta-weighted 103 0.026 0.042 0.042
diamond-difference 203 0.0074 0.0061 0.0061

Weighted 53 0.17 0.23 0.23
Diamond-difference 103 0.38 0.41 0.41
with flux fixup 203 0.16 0.16 0.16
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Table III: Numerically-adjoint spatial discretizations in TORT and Denovo in the test.

Numerically-adjoint spatial discretizations Not numerically-adjoint discretizations

Denovo – weighted diamond difference TORT – mode 0 – optimum theta-weighted
Denovo – linear discontinuous TORT – mode 2 – optimum xyz nodal
Denovo – tri-linear discontinuous TORT – mode 7 – characteristic
Denovo – step characteristic Denovo – weighted diamond difference, flux fixup

Denovo – theta-weighted diamond difference

Table IV: Description of the source-reconstruction problem.

(a) Spatial and material parameters.

Macroscopic 2-Group Boundary Conditions Spatial Angular
Spatial Domain (cm) Cross Sections (/cm) (all faces) Mesh Quadrature

x ∈ [0, 30]
y, z ∈ [0, 10] σt =

[
1/10

1/2

]
, σs =

[
1/40 0
1/20 1/10

]
vacuum uniform

34×1×1
LQ16

[8, §4-2]

(b) Source parameters. The source in cell ~c[i] and
group g is ~q

[
g, ~c[i]

]
= ~sg[g] · ~si[i], with g ∈ {1, 2}

and i ∈ {1, . . . , 7}. All cells not in ~c have zero source.
See solid lines in Figure 1.

~sg =
[
1 1/5

]T

~c =
[
13 14 15 50 51 52 53

]T

~si =
[

1/2 1 3/4 1 1.1 1.2 1.3
]T
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Figure 1: Reconstructed source using 81 detector locations.

based on these few readings. After the rough estimate is computed, more measurements can be taken to refine
the estimate. Using this approach, we focus our attention on the important regions of the phase space. This
should be more efficient than blanketing the entire space with detectors from the start.

To understand the procedure fully, one must distinguish three meshes:

• The forward-computation mesh is the finest uniform mesh. It is not refined.

• The adjoint-computation mesh is uniform at each refinement level, and it is refined uniformly.

• The source-adaptation mesh is non-uniform and adaptively refined. The smallest possible source-
adaptation cell size in a given level is equal to the adjoint-computation cell size at that same level.

Figure 2 shows the adaptive refinement process in action. In the beginning, the algorithm starts with a coarse
adjoint-computation and source-adaptation mesh, in this case 31. Six “detector readings” are computed, one
per group in each coarse cell, taking the forward flux from the fine cell at the center of each coarse cell. Then
2 · 31 adjoint fluxes are computed, and the system of equations is solved. This stage is shown in Figure 2a.

The next step is to move to a finer adjoint-computation mesh. Here we split each adjoint-computation cell in
three, yielding 32 cells. If the source solution in a cell in the previous level was greater than the prescribed
small criterion δ, set in this work to a few percent of the largest source magnitude, we split this source basis
cell to match the current adjoint-computation cell size. Otherwise, this source-adaptation cell remains coarse.
This typically reduces the number of unknowns, thus reducing the need for additional detector readings.
Notice in Figure 2b, there are 2 · 32 source unknowns. This is because each source solution in Figure 2a was
greater than δ. We include a detector reading (one per group) corresponding to the fine cell located at the
center of the coarse source-adaptation cell, meaning that the source cells and detectors are aligned.

This process repeats in Figures 2c–2d. In Figure 2c, the adaptive mesh requires only 2 · 13 detector readings
instead of 2 · 33. For Figure 2d, we need only 2 · 19 readings instead of 2 · 34, for the same fidelity as Figure 1.
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In this procedure, the detector locations were aligned with the source basis functions. This seems unlikely in
applications, so in the next test we force source-detector misalignment.

Adaptive Source Basis with Unaligned Detectors Here we space the detectors evenly throughout the x
domain, leaving off detectors at the right if necessary to match the number of source unknowns. In other
respects, the procedure is identical to the previous test. Figure 3 shows the process, with a plus mark
indicating the location of a detector. The one significant difference in the solution versus Figure 2 occurs
for the third level, the right peak in Figure 3c. This under-prediction is unsurprising, given that there is no
detector in the errant source cell.

Computing “Measured” Detector Readings with Monte Carlo To move closer to reality, the forward-
computed measurement must come from a model other than the same deterministic model used for the
adjoint, thus avoiding the inverse crime. In this case, we use a Monte Carlo solution for the forward flux,
tallied in the same fine mesh as the deterministic forward solution. We used Monaco [13] from SCALE for
this purpose, since supplying fictitious multigroup cross sections is straightforward in Monaco. Figure 4
shows the results using the Monte Carlo responses. The first three levels show negligible differences from
Figure 3. However, the fine mesh solution in Figure 4d is no longer accurate. This is the first sighting of
ill-posed behavior, where a small change in the detector readings, about 10−2, causes a large change in the
obtained source distribution. The condition number of Φ† is 4 · 108, which explains the large change in ~̃q
resulting from a small change in ~rm. If we apply truncated SVD regularization to the system, we can recover
more of the solution (see Figure 4e), but the computed source distribution no longer matches perfectly with
the true distribution employed in the forward Monte Carlo computation. In the TSVD procedure, the singular
value relative threshold was set equal to the discrepancy between the deterministic and MC forward fluxes.

3.3 Comparison with an Iterative Method

As mentioned in the introduction, a common method for the solution of this type of problem is the Levenberg-
Marquardt (LM) algorithm. We implemented a solver using the LM method for the test problem with Monte
Carlo-computed detector responses for a preliminary comparison of the adjoint method presented above to
LM. Other than changing the inverse solver, the problem is identical to the adaptive source basis problem,
whose solution was shown in Figure 4. We used the levmar package [14] to solve for the unknown source
using the functions for constrained LM. The number of transport solutions, forward solutions for LM and
adjoint solutions for the adjoint method, is given in Table V, along with the number of iterations in the LM
method. The results should be treated with caution because adjusting the convergence tolerances and other
tuning would surely decrease the costs of the LM solver.

The LM algorithm requires derivatives of the detector responses with respect to the unknown parameters.
In both the Favorite-Ketcheson paper and the Miller-Charlton paper, the authors use an adjoint to estimate
these derivatives [3, 6], while Mattingly and Mitchell use the simpler finite-difference approximation [5]. In
this test, we use two approaches. First, we can compute the Jacobian with respect to ~̃q since the problem is
linear. For example, the Jacobian in Eq. (2) is the matrix −A. This is a simplification of the approach taken
by the Favorite and Miller papers, since we only need the derivatives with respect to ~̃q. In the tally of forward
transport solves in Table V for the analytic Jacobian, the count does not include the transport solves necessary
for computing the Jacobian. Second, we let levmar compute the Jacobian using the finite-difference method.
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(a) 31 adjoint-computation mesh, 3 detector locations.
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(b) 32 adjoint-computation mesh, 9 detector locations.
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(c) 33 adjoint-computation mesh, 13 detector locations.
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(d) 34 adjoint-computation mesh, 19 detector locations.

Figure 2: Reconstructed sources using adaptive procedure and “aligned” detectors. Each filled circle
or x-mark denotes one source unknown. The detectors are located at the source unknowns.
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(a) 31 adjoint-computation mesh, 3 detector locations.
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(b) 32 adjoint-computation mesh, 9 detector locations.
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(c) 33 adjoint-computation mesh, 13 detector locations.
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(d) 34 adjoint-computation mesh, 19 detector locations.

Figure 3: Reconstructed sources using adaptive procedure with evenly-spaced detectors. The plus
marks indicate the x position of the detectors. The vertical positioning of the pluses on the graph is
meaningless.
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(a) 31 adjoint-computation mesh, 3 detector locations.
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(b) 32 adjoint-computation mesh, 9 detector locations.
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(c) 33 adjoint-computation mesh, 13 detector locations.
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(d) 34 adjoint-computation mesh, 19 detector locations, not regularized.
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(e) 34 adjoint-computation mesh, 19 detector locations, regularized with TSVD.

Figure 4: Reconstructed sources using adaptive procedure with Monte Carlo forward flux.
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Table V: Comparison of number of transport solves needed for the adjoint method and the
forward Levenberg-Marquardt iterative method.

Adjoint Adjoint LM—analytic Jacobian LM—finite-difference Jacobian

Mesh Transport Solves Iterations Transport Solves Iterations Transport Solves

31 6 5 6 2 27
32 18 28 398 40b 1629
33 26 32 550 40b 2348
34 38 22a 485a 40b 3478

a Iteration converges to errant solution.
b Maximum number of LM iterations encountered.

For both means of computing the Jacobian, if the number of transport solves is larger than the number of
spatial cells times the number of groups, then it is more efficient in execution time to compute and store the
inverse L−1 of the transport operator, but this may incur an unbearable memory cost.

As in other applications, the benefit of using the adjoint is a reduction in the number of transport solves from
the order of the number of mesh cells to the order of the number of detector readings, that in our method is
the same number as the distinct source values sought. In general, this is a favorable trade.

4. CONCLUSIONS

We have presented a method to efficiently reconstruct an unknown source distribution and spectrum using the
adjoint flux if the geometry and material composition are known. The problem can be stated as a nonnegative
least squares problem. Selecting an appropriate basis for the source is an important first step. In the examples
presented, an adaptive basis method proves worthwhile for localized source distributions. The method is
consistent for problems with an inverse crime, which shows its initial viability. For the problems with
coarse meshes or the Monte Carlo-computed responses, the method proves suitable, although additional
regularization is required. Using the adjoint flux becomes advantageous when the number of detectors is
significantly smaller than the number of spatial cells in the transport calculation.
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