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ABSTRACT
The detection of targets in infra-red imagery is a challenging problem which involves locating small targets in heavily
cluttered environments while maintaining a low false alarm
rate. We propose a network that optimizes a “target to clutter
ratio”(TCR) metric defined as the ratio of the output energies produced by the network in response to targets and clutter. We show that for target detection, it is advantageous to
analytically derive the first layer of a CNN to maximize the
TCR metric, and then train the rest of the network to optimize
the same cost function. We evaluate the performance of the
resulting network using a public domain MWIR data set released by the US Army’s Night Vision Laboratories, and compare it to the state-of-the-art detectors such as Faster RCNN
and Yolo-v3. Referred to as the TCRNet, the proposed network demonstrates state of the art results with greater than
30% improvement in probability of detection while reducing
the false alarm rate by more than a factor of 2 when compared
to these leading methods. Ablation studies also show that the
proposed approach and metric are superior to learning the entire network from scratch, or using conventional regression
metrics such as the mean square error (MSE).
1. INTRODUCTION
The detection of vehicular targets surrounded by natural background clutter in infrared (IR) imagery is a challenging problem [1]. The IR phenomenology differs significantly from the
visible band as a result of which algorithms trained on conventional color images cannot be readily incorporated into IR
applications. This is further compounded by the fact that there
is generally a dearth of labeled IR data for training the algorithms. Although many algorithms have been proposed over
the years to address this problem [2, 1, 3, 4] IR target detection at acceptably low false alarm rates remains a difficult
problem. Of course, there has been a tremendous advanced in
computer vision using convolutional neural networks (CNNs)
and deep learning. Hence, there is significant interest in determining if similar performance gains can be achieved by
applying these techniques in the IR domain.
To facilitate research in target detection and recognition,
a MWIR data set [5] was made available to the research
community by the US Army’s Night Vision and Electronic
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Sensors Directorate (NVESD). This data set contains different scenarios with varying levels of difficulty. In fact, there
is substantial variation in how well the targets are resolved
at different ranges and in the background clutter during day
and night conditions. Here ”clutter” refers mainly to the terrain (background and foreground) and vegetation throughout
the scene. Using this data set, a comparison of an existing
method known as the Quadratic Correlation Filter (QCF)
[6] and Faster R-CNN [7] was conducted [8] with the latter
exhibiting significantly better performance. However in this
initial study, there was significant overlap in the background
clutter between training and testing images, which lead to
optimistic results. Furthermore, this paper did not propose a
method for optimizing the TCR metric using a combination
of analytically derived filters for the first layer, with training
for the rest of network to directly optimize target detection
performance. Millikan et al.[9] also proposed using the QCF
filters as the first layer in a CNN for classifying the 10 different types of targets in this data set, but did not address
target detection at long ranges and under difficult clutter conditions. Other researchers [10] have reported the use of Faster
R-CNN [7] to find moving targets using multiple frames of
both visible band (which is also included in the same data
set) and infrared imagery. In contrast, we tackle the more
difficult problem of “single frame” detection of stationary
targets in a single MWIR image frame. Specifically, our goal
is to develop a method that is optimized for finding targets in
high clutter, and to compare its performance under challenging conditions to that of other state of the art object detection
algorithms such as Faster RCNN and Yolo-v3.
2. TCR NETWORK AND OPTIMIZATION
Figure 1 shows a typical MWIR image with a target in natural
terrain and the output produced by the TCRNet. It should be
noted that the target (indicated by the arrow) is not easy to find
in such cluttered scenes. The first layer of the TCR network
employs 100 relatively large filters (20 × 40 in the illustration) which are analytically derived to separate targets from
clutter. Since the targets are relatively small and not well resolved at long ranges, smaller filters that attempt to learn the
internal structural details do not work well. Therefore, the
size of the filters in the first layer is large enough to cover the
spatial extent of the targets. The activations produced by the

Fig. 1. Layer 1 of the TCRNet is analytically derived while the rest of the convolutional layers are iteratively learned to optimize
the TCR metric. The output has a strong intensity at the location of the target in the input image (denoted by the arrow)
first layer are then post processed by two successive convolutional layers with fifty 3 × 3 × 100 and thirty 3 × 3 × 50
filters respectively. Each of these layers is preceded by Batch
Normalization [11] and ReLU [12]. The output is produced
by a single 1 × 1 × 30 filter. No pooling or stride is used so
that the spatial dimensions of the output directly correspond
to that of the input image. Detection is performed by searching for local maxima in the output intensity values produced
by the network.
2.1. TCR Metric and Derivation of Layer 1 Filters
Although metrics like cross-entropy or regression loss (such
as mean square error or MSE) are commonly used to train
CNNs, our goal is to maximize the energy in the response
of the network to targets, and minimize the same in response
to clutter. Consider the energy of the projection of an image
vector x on a set of M vectors qi given by
φ=

M
X

|qiT x|2 =

i=1

M
X

qiT (xxT )qi

(1)

i=1

In general, we wish φ to be as large as possible when x is
a target image. However, the problem is that this can occur
even if one of the terms in the summation is large, and the
rest are small. For effective representation of the target class,
we wish the projection of x on all the M basis vectors to be as
large as possible. Therefore to make the output of each of the
basis functions large in response to the target, we require their
joint expectation to be maximized. Assuming independence
between the terms, this can be expressed as
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where R1 = E{xi xTi } is the correlation matrix of the data
for the target class. For the clutter class however, minimizing

the statistic in eq. 1 will ensure the response of each of the
basis functions is also small. Based on this reasoning, the
TCR metric we propose is
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where R2 = E{xi xTi } is the correlaton matrix of the data
for the clutter class. This metric is different than the original
QCF performance criterion, and ensures that all examples of
the targets produce a large output response. Taking derivative
of eq. 3 with respect to qi , we obtain
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Setting the derivative to zero, and observing that qiT R1 qi and
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i=1 qi R2 qi are both scalars, we obtain
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This clearly shows that qi are the complete set of eigenvectors of R2−1 R1 , and that they all play a role in the maximization of JT CR .
2.2. Modified TCR cost function for training CNN
The analytical optimization of JT CR yields a set of eigenvectors that maximize the representation of targets while minimizing the effect of clutter. The set of eigenvectors obtained
in eq. 5 are treated as the input layer of a CNN. The rest of
the layers are then adapted using a variant of the TCR metric
suitable for learning via gradient descent.
The modified TCR metric is obtained as follows. Let us
assume that we have N labeled samples for the target and

clutter classes which produce the final outputs of the network denoted by {x1 , x2 ...xN } and {y1 , y2 ...yN }, respectively. Our objective is to maximize the energy in the output
when targets are present, and minimize the same in response
to clutter. This is accomplished by minimizing the ratio
P T
1
yi yi
0
N
(6)
JT CR = p
N Q T
xi xi
which is the ratio of the arithmetic mean of the energy of the
clutter samples to the geometric mean of the energy of the target samples. Minimizing this ratio will make the numerator
0
of JT CR small,P
which in turn ensures that all the terms in the
summation N1
yiT yi are small. Similarly the denominator
0
of JTp
CR must be large to minimize the ratio, which implies
N Q T
that
xi xi is large, which in turn ensures that all terms
in the product are large.
It should be noted that this cost function is consistent with the
optimization criterion in eq. 4 used for obtaining the generalized eigenvectors that best separate target and clutter. There0
fore by minimizing JT CR the CNN layers will learn the decision boundary between the two classes using a cost function
that is similar to the TCR metric used for finding the filters in
0
the first layer of the network. Since JT CR is always positive,
it is simpler to minimize its logarithm given by
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The derivative of this function with respect to each class is
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Therefore, as training images are presented to the network
during the learning process, the gradient supplied to the back0
propagation algorithm is either ∇yi log(JT CR ) for clutter im0
ages), or ∇xi log(JT CR ) for target images. It should be noted
that for one training image considered at a time, the gradient
0
expression for the two classes reduce to ∇yi log(JT CR ) =
0
2yi
i
and ∇xi log(JT CR ) = − x2x
T x which are simply the enyiT yi
i i
ergy normalized outputs produced by the training images of
the respective classes.
3. EXPERIMENTS AND PERFORMANCE ANALYSIS
In this section, we evaluate the performance of the TCRNet
and compare it to that of Faster RCNN and Yolo-v3. Results
are presented in the form of ROC curves that show probability of detection (Pd ) as a function of false alarm rate (FAR).

Fig. 2. Examples of the image chips used for training the
TCRNet. The 10 vehicle classes are shown along with 5 examples of clutter or background chips.
We define Pd as the ratio of number of true targets detected
to total number of true targets in the test data. The FAR is
Total number of false positives
defined as FAR = Total
number of frames×F OV where F OV is the
product of the horizontal and vertical fields of view of the sensor. For this data set, the infra-red camera had a 3.4 degrees x
2.6 degrees, and therefore FOV = 8.84 square degrees. Thus
FAR is reported in units of ”false alarms per square degree”,
abbreviated as ”FA/sq degree”.
All algorithms were trained on images at ranges of 1Km,
1.5Km, and 2.0Km, and tested on images at ranges of 2.5km,
3.0km, and 3.5km. Since the range (or distance) to the targets is given, this information was used to resize all images
(both for train and test) to an apparent range of 2.5Km. While
the test set has 9360 images, the training set has 10,800 images each for targets and clutter. However, the number of
training images available in our data set is too few to train
deep networks from scratch (which are pre-trained on much
larger datasets). Therefore we use transfer learning to adapt
state of the art methods to the IR target detection problem.
We compare TCRNet with Faster-RCNN [13] which uses a
Resnet-50 [14] pretrained on Imagenet [15] as its backbone
and finetuned on our dataset. For Yolo-v3, we use the weights
pretrained on MS-Coco [16], and finetune it on our dataset.
The optimum eigenfilters for the first layer are created
as described in Section 2.1, using 20 × 40 image ‘chips’ or
‘patches’ derived from the training set. Specifically for each
image in the training set, a 20 × 40 pixel region centered on
the target is cropped out and used as a positive target example.
Another randomly selected 20x40 pixel region of the image is
cropped out and treated as a ‘clutter’ or background example.
These 20 × 40 images are flattened into 800 × 1 dimensional
vectors and used for estimating the 800 × 800 dimensional
matrices R1 and R2 . The resulting 800 × 1 eigenvectors qi in
eq. 5 are then reshaped into 20 × 40 filters that serve as the
eigenfilters in Layer 1 of the TCRNet. The eigenvalues of the
R2−1 R1 are strictly positive, but not bounded which makes it

Fig. 3. ROC curves for the three networks. The TCR Network
shows the best performance with a substantial margin of 30%
and 38.8% over Yolo-v3 and Faster-RCNN respectively.
difficult to choose suitable eigenvectors. For this reason, the
eigenvalues γi are remapped into a range [−1, +1] as
λi =

γi + 1
γi − 1

(9)

The eigen-vectors with eigen-values close to 1.0 contain
more information about targets, whereas those corresponding to eigen-values closer to -1.0 are more representative of
clutter. Eigenvectors with smaller eigenvalues do not distinguish well between the two classes, and therefore are discarded. Based on the values of λi , we selected the 70 eigenvectors that represent targets (corresponding to eigenvalues
730 − 800), along with the 30 eigenvectors for clutter (corresponding to eigenvalues 1 − 30). Together, they form the
100 20 × 40 filters for the first layer of the TCRNet. Once
the first layer was derived, these filters were held fixed, while
the remaining layers were trained. The network was trained
with image chips of size 40 × 80 versions of the same training
images used for deriving the layer 1 filter. The cost function
described in eq. 7 was used for training over 25 epochs with
the RMSprop optimizer [17], a batch size of 100, and initial
learning rate of 1e−5 .
For calculating detection accuracy, local maxima are used
for the TCR Network while the centers of predicted bounding
boxes are used for Yolo-v3 and Faster-RCNN. Non-max suppression is applied to these predictions, and then the distance
is measured to the center of the ground truth bounding box. If
the prediction is within a distance threshold (20 pixels in this
case) it is counted as a correct detection. The ROC curves
obtained on the test set for all the algorithms are shown in
Figure 3. The test images are of size 640 x 512 and represent
the full field of view of the sensor. The TCRNet shows the
best performance with substantial margin of 30% and 38.8%
over Yolo-v3 and Faster-RCNN respectively. It is clear that
these object detection networks struggle with finding the relatively small targets in a cluttered background. We see that
the FasterRCNN achieves a maximum detection of 45% with
a FAR of 0.035 FA/sq degree. At this Pd the TCR Network

Fig. 4. Ablation tests show that replacing the TCR metric by
the MSE regression loss, and training the entire network from
scratch lead to poorer performance for the TCRNet
has a substantially lower false alarm rates of 0.0072 FA/sq
degree. Similarly the TCRNet has a FAR of 0.0116 vs. 0.28
FA/sq degree for Yolo-v3 at its maximum detection of 53.9%.
Furthermore, at very low FAR (say 0.01 FA/sq degree), the
TCRNet has much higher Pd compared to either of the other
two detectors. Figure 4 is an ablation test for the TCRNet.
The blue curve shows the results of training and testing the
network with the MSE loss function (instead of the proposed
TCR metric), while the yellow curve represents the results
of training the entire network (including the first layer) from
scratch. These plots show that both the TCR metric and the
analytical derivation of the first layer enable the TCRNet to
significantly outperform all other methods by learning to detect targets using relatively few training images.
4. SUMMARY
The TCR Network proposed in this paper is specifically designed for the detection of relatively small targets in infrared
imagery under difficult and challenging clutter conditions.
The network optimizes a TCR metric defined as the ratio
of the energies produced at the output of the network in
response to targets and clutter. The TCR metric not only
ensures that clutter energy is minimized, but also emphasizes
representation of targets in order to achieve high probability
of detection. In general, there is also a dearth of large labeled
data sets for training very deep networks from scratch. To
address this problem, the first layer of the TCRNet uses analytically derived eigenfilters, while the later layers are learned
via gradient descent. The TCRNet’s performance was evaluated using the MWIR image data set released by NVESD,
and compared to that of the Faster RCNN and Yolo-v3. It
was shown that the TCRNet outperforms these other state of
the art methods. Specifically, the TCRNet not only achieves a
substantially higher Pd , but also delivers considerably lower
FAR when compared at the maximum Pd achieved by the
Faster RCNN, Yolo-v3.
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