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ABSTRACT

Synthetic aperture radar (SAR) automatic target recognition (ATR) is a crucial technique utilized in
various scenarios of geoscience and remote sensing. Despite the remarkable success of convolutional
neural networks (CNNs) in optical vision tasks, the application of CNNs in SAR ATR is still a chal-
lenging area due to the significant differences in the imaging mechanisms of SAR and optical images.
This paper analytically addresses the cognitive gap of CNNs between optical and SAR images by lever-
aging multi-order interactions to measure their representation capacity. Furthermore, we propose a
subjective evaluation strategy to compare human interactions with those of CNNs. Our findings re-
veal that CNN’s operate differently for optical and SAR images. Specifically, for SAR images, CNNs’
representation capacity is comparable to that of humans, as they can encode intermediate interactions
better than simple and complex ones. In contrast, for optical images, CNNs excel at encoding simple

and complex interactions, but not intermediate interactions.

1. Introduction

Synthetic aperture radar (SAR) imaging technology has
been extensively utilized in the field of geoscience and re-
mote sensing [2, 5] due to its remarkable capability to gen-
erate high-resolution images, even under conditions of low
visibility such as dark nights or precipitation/foggy weather
[21, 6]. Automatic target recognition (ATR) in SAR images
has gained considerable attention owing to its wide-ranging
applications in both military and civilian fields [14]. Like
optical image processing, SAR ATR typically consists of
three sequential stages: detection [16], discrimination [13],
and classification [22]. During the detection stage, targets
and other objects such as trees, buildings, and streetlights
are identified. Subsequently, the discrimination stage uti-
lizes various properties such as texture, size, and contrast
to differentiate between the potential target pixels and other
objects to determine if they originate from a genuine target.
Finally, in the classification stage, the potential target is cat-
egorized into its most probable class.

The remarkable success of deep neural networks, partic-
ularly convolutional neural networks (CNNs), in computer
vision has led to their application in SAR ATR, particularly
in the detection and classification stages [8]. However, the
internal workings of CNNs remain obscure, creating a gap
between human cognition and the CNN’s comprehension of
SAR images [10]. Consequently, this limitation may impede
the applicability of CNNs in certain life/health-relevant sce-
narios, such as wild rescue and military surveys [20, 18].
To address this issue, several CNN-interpretation algorithms
have been developed to produce heatmaps that visualize the
mechanisms of CNN’s hidden layers, including class acti-
vation mapping (CAM) [25, 4], layer-wise relevance propa-
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gation (LRP) [1], RISE [15], LIME [17], etc. Specifically,
these heatmaps can identify the importance of parts of an im-
age for the CNN’s decision. Nevertheless, these interpreta-
tions have two limitations: (1) they only provide qualitative
interpretation instead of quantitative metrics and (2) they can
only visualize the representations modeled by CNN, without
clarifying which type of information is more suitable or un-
suitable for CNN to model. In this case, these limitations
make it difficult to entirely trust the interpretation results,
and it can be challenging to use them to guide the design and
training of CNNs. To alleviate these two limitations, multi-
order interaction is proposed by Q. Zhang et al. to quantify
the interaction utility between variable pairs on optical im-
ages [3]. They demonstrates that CNN is more likely to en-
code both too complex and too simple interactions, instead
of encoding interactions of intermediate complexity, which
is quite different from human’s cognition. Nevertheless, this
conclusion is not completely applicable to SAR images due
to the peculiar characteristics of SAR images compared with
optical images. In this paper, we utilize multi-order interac-
tion to explain CNN’s mechanism in classification stage of
SAR ATR. Our findings reveal that for SAR images, CNNs
are better in encoding intermediate interactions rather than
simple and complex interactions (as shown in Fig. 1), which
is different from optical images. The main contributions of
this paper can be summarized as:

e It is the first attempt to utilize multi-order interaction
to provide an analytical interpretation of CNNs’ mech-
anism in SAR ATR.

e We reveal the difference of CNN'’s cognition between
SAR images and optical images, i.e., CNN shows very
similar learning and classifying mechanism to human
provided SAR images but completely opposite mech-
anism provided optical images.
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Figure 1: The comparison of CNN's representation bottleneck between optical images and
SAR images. The multi-order interaction of optical images and SAR images (left). The
cognition gap between CNN and humans in optical images and SAR images, respectively

(right).

2. Representation Bottleneck of CNN

First, let’s consider two classic questions about interpret-
ing CNNs’ mechanism in optical computer vision tasks:

e Are there any common tendencies of CNNs in repre-
senting specific types of features?

e Does a CNN encode similar semantic concepts as hu-
man beings for image classification?

To address the above two questions,we investigate the bot-
tleneck of feature representation in CNN:ss, i.e., which types
of concepts are likely to be encoded by a CNN, and which
types of concepts are difficult to be learned. Interaction be-
tween input variables is usually regarded as an effective tool
to analyze the feature representation of CNN since different
variables are commonly combined to affect the CNN’s in-
ference (e.g., the inference of a vehicle can be explained as
the interactions between left and right wheels, between body
and barrel, etc.). Interactions can be understood as follows.
Take an example of tiger, we let ¢, measure the impor-
tance of the ears region i to the classification score of "tiger"
class. Then the interaction between the ears region i and
eyes region j is measured as the change of ¢, by the ab-
sence or presence of the eyes region j. If the presence of j
increases the importance ¢, by 0.2, then, we consider 0.2
as the interaction value between regions i and ;.

In recent decades, the investigation of interactions be-
tween input variables of neural networks has gained widespread
attention. One approach for understanding these interactions
is through building tree ensemble explanations for deep neu-
ral networks (DNNGs), as demonstrated by Lundberg et al.
[12]. Other methods include the extension of Integrated Gra-
dients by Janizek et al. [9], which focuses on explaining pair-
wise feature interactions in DNNs. Additionally, Q. Zhang
et al. [3] proposed the concept of multi-order interaction,
which was initially used to understand and improve dropout.
Subsequently, Q. Zhang et al. utilized game-theoretic in-
teractions to develop a theoretical system for explaining the
representation capacity of a DNN. This system includes ex-
plaining the generalization ability, adversarial transferabil-

ity, and adversarial attacks of a DNN, as well as explaining
the concepts encoded in a DNN [23, 24, 3]. In this paper,
we leverage the algorithm proposed in [3] as an analysis tool
to investigate the representation bottleneck in convolutional
neural networks (CNNs) for both optical and SAR images.

3. Methodology

3.1. Cognition Mechanism of CNN
Now we turn to the scenario of SAR ATR, the above two
questions will be further specified to:

e What is the common tendency of CNNs in represent-
ing specific types of features from SAR images?

e Does a CNN encode similar visual concepts as optical
image classification?

To answer these questions, we utilize interaction to study
the representation bottleneck of CNNs in SAR ATR. Given
a pretrained CNN £, and an input SAR image with n pix-
els/patches N = {1,2,3,--,n}, f(N) denotes the CNN’s
output of all input pixels. The m-th order multi-order inter-
action between two input variables i and j, I'"(i, j), i,j €
N,i# j,0<m< n-2,is defined as follows:

1, j) = Ene i) is1=ml AU 71 S)] )]

where A({i,j},S) = [f({i,j}uS) - f{i}US) - f({j} U
S) + f(S)]. Here, f(S) is the output score when we keep
variables in S C Nunchanged but replace variablesin N \ S
by the baseline value. value. (1) tells the m-th order inter-
action 1"(i, j) measures the average interaction utility be-
tween variables i, j under all possible contexts consisting of
m variables. Specifically, A({i,j},S) = [f({i,j}US) —
fHituS)— f{jIUS)+ f(S)] quantifies the marginal ef-
fects (the importance) of the variable j that are changed by
the presence or absence of the variable i. It represents the
utilities of the collaboration between i, j in a context S.
Because 1™ (i, j) measures the interaction between vari-
ables i and j encoded in CNNs with m contextual variables,
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Figure 2: The illustration of multi-order interaction computation when the order m = 4
(top). The illustration of human's confidence differential (bottom).

we can consider the interaction utility 7""(i, j) as a spe-
cific reason for the inference, which makes a compositional
contribution to the output. In this way, a useful categoriza-
tion of the underlying reasons for the network output can
be achieved by classifying them based on their complexity.
Specifically, simple interactions, which rely on only a few
variables, can be categorized as simple underlying reasons
and correspond to low-order interactions (m). Conversely,
complex interactions, which depend on a large number of
variables, can be considered as complex underlying reasons
and correspond to high-order interactions (m). To assess the
reasoning complexity of a deep neural network, we use a
measure of the relative interaction strength J (m) for the en-
coded m-th order interaction. This measure is defined as fol-
lows:

EyealEr 110G, j 1011

J(m) = 7
E,y [ExelE; ;[10)(, jlx)]11]

@

where Q refers to the set of all samples, I (i, j|x) denotes
the interaction of variables i and j in a specific image x € Q.
J(m) is normalized by the average value of interaction over
all pairs of input variables in all samples. The distribution
of J(m) reflects the distribution of the complexity of inter-
actions encoded in CNNS.

3.2. Cognition Mechanism of Human

Computing the interaction utility of human beings poses
a significant challenge due to the complexity of the cerebral
cortex’s mechanisms and the lack of numerical metrics like
multi-order interaction to measure the outputs. Therefore,
we propose a subjective evaluation strategy as a means of in-
vestigating the representation bottleneck in the human brain,
serving as a point of comparison. To implement this strat-
egy, we randomly mask various ratios of pixels in images
and present them to multiple respondents. The respondents
are then asked to rate their confidence in the presence of
a specific object in the masked image. The average score
across respondents can be considered the confidence score
for human classification if the information was unmasked in
the image. Finally, we compute the first-order differential of
the confidence scores across different masking ratios. This
confidence differential provides insights into human brain’s
preference for the complexity of interaction encoding. A
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Figure 3: The human beings confidence score with different
mask ratios for optical and SAR images.

large value of confidence differential indicates the introduc-
tion of new information, while a small value implies that the
masking had little effect on classification confidence.

4. Experiments

4.1. Implement
Dataset: In this paper, we evaluate our proposed approach

on two well-established benchmarks: ILSVRC-1K and MSTAR.

ILSVRC-1K is a widely-used benchmark in computer vi-
sion that comprises 1000 categories and 1.2 million optical
images in the training set, and 50, 000 in the validation set.
MSTAR includes 2.5 thousand SAR images of 10 categories
of ground vehicles in the training set and 2.6 thousand in the
validation set. To ensure a fair comparison between the two
benchmarks, we randomly selected 10 categories from the
ILSVRC validation set as our optical images.

Details: In our experiments, the original dimension of in-
put varibles is 224 X 224, i.e. n = 224 x 224 = 50176. It
is computationally infeasible to compute J (m) by averaging
all possible contexts .S € N, all pairs of variables i, j € N,
and all samples .S C N. To address this issue, we adopt a
simplification strategy inspired by previous work [3] to ap-
proximate J(m). Specifically, we randomly select five im-
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Figure 4: The differential of human's confidence score (first). The interaction curve of of
AlexNet (second), VGG-16 (third), ResNet-18 (fourth) and ResNet-34 (fifth).

ages from each class and split each input image into 9 X 9
patches, resulting in n = 81 input variables. We impose
the constraint that patch i must be located at the neighbor-
hood patch j with a radius of one patch, without overlap-
ping. It is because CNNs typically encode stronger inter-
actions between neighbor patches. However, even with this
simplification, computing J(m) for all pairs of patches and
all orders m is still computationally prohibitive, as the num-
ber of m collocations from 81 samples is also large. There-
fore, we randomly sample 50 contexts .S for each pair of
patches i, j and each order m, where |.S| = m. With this
approach, the computational cost is manageable, requiring
9 x 8 x 50 = 3600 computations of I/ for one image
(approximately 9 minutes). We evaluate J(m) for values of
m ranging uniformly from O to 0.9n with step of 0.1n.

In human’s interaction evalution, each image is masked
by the ratio of 10%, 20%, 30%, 40%, 50%, 60%, 70%, 80%,
and 90%, as shown in Fig. 2 (right). We invited 20 individ-
ual respondents and they are required to give a score from 0
to 10 to represent how confident they are there is a specific
object in the shown image. Here a larger score means higher
confidence. The confidence scores are shown in Fig. 3.

4.2. Analysis of Results

We computed the relative interaction strength J(m) for
optical images and synthetic aperture radar (SAR) images
using four classic CNN models, namely AlexNet [11], VGG-
16 [19], ResNet-18 [7], and ResNet-34 [7]. In addition, we
implemented the human interaction evaluation method de-
scribed in Section 3.2. The results are presented in Fig. 4.
Notably, the confidence differential curves of human eval-
uations resemble spikes in shape, suggesting that humans
can quickly recognize specific objects after sufficient inter-
actions. Additionally, introducing more interactions does
not significantly improve classification performance. It is
worth noting that humans require fewer interactions to reach
maximum confidence for optical images than SAR images.
Specifically, the peak of the confidence differential curve for
optical images occurs at a lower order than that for SAR im-
ages, as shown in Fig. 3. This observation aligns with our in-
tuition, as humans possess prior knowledge of various scenes
in optical vision, making it easier to recognize objects in op-
tical images than in SAR images.

In comparison, our results, presented in Figure 4, demon-
strate that CNNs understand optical and SAR images in com-

pletely different ways. Specifically, we observe that for opti-
cal images, CNNs are better at encoding simple and complex
interactions rather than intermediate interactions, as investi-
gated in [3]. But for SAR images, CNNs are good at en-
coding intermediate interactions instead of too simple and
complex interactions. This is an interesting phenomenon as
CNNs become more similar to humans when used in SAR
ATR. We hypothesize that this is because the targets in SAR
images typically have a simple background, and therefore
only when sufficient interactions are provided can CNNs rec-
ognize the targets. However, in the case of optical images,
several patches of background can also provide sufficient dis-
criminative information to classify a specific object. For ex-
ample, the presence of waves in an image may indicate the
presence of a whale instead of a lion.

Moreover, we found that the four CNN models show
different trends in how interactions change with the order.
For example, AlexNet can still capture some new informa-
tion from complex interactions, while VGG-16, ResNet-18,
and ResNet-34 almost cannot get any new information from
complex interactions. We speculate that this could be be-
cause AlexNet has fewer layers and parameters to aggregate
information from SAR images, and therefore needs to see
more patches in the image to be fully confident in classify-
ing its category.

5. Conclusion

In this study, we aim to provide an analytical interpreta-
tion of the cognitive gap between optical images and SAR
images in CNNs using multi-order interactions. Addition-
ally, we propose a subjective evaluation strategy to measure
human interactions for different masked images. Experi-
mental results demonstrate that CNNs’ cognitive mechanism
in SAR ATR is more similar to humans, as they exhibit better
performance in encoding simple and complex interactions,
contrary to intermediate interactions that are more impor-
tant for optical images. Our research provides insights into
the representation capacity of CNNs for SAR images, which
can enhance the interpretability of CNNs in SAR ATR. This
is an important step towards bridging the gap between CNN's
and SAR ATR, which is crucial in geoscience and remote
sensing applications.
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