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A. Analysis of the weighted summation of the neighboring
STMD outputs

We introduce the weighted summation of the neighboring
STMD outputs, i.e., E(x, y, t) in Eq. (9), as a part of the
feedback signal to suppress perturbation in the output of the
Feedbac STMD model. Specifically, the preliminary version
only uses the central STMD output as feedback signal, i.e.,
D(x, y, t) in Eq. (9), which always lead to perturbation [1]–
[3], as can be seen from Fig. S1(a). To address this issue,
we introduce the weighted summation of the neighboring
STMD outputs E(x, y, t) as the feedback signal. However,
compared to D(x, y, t), E(x, y, t) induces more significant
decrease in model output, even for the model output with
short response duration, as shown in Fig. S1(b). Based on
the above analysis, we adopt the summation of D(x, y, t) and
E(x, y, t) as feedback signal to avoid signal perturbation while
maintaining a high response to fast-moving targets.

B. Comparison with Traditional Motion Detection Methods

Traditional motion detection methods can be categorized
into temporal differencing (TD) [4]–[6], optical flow (OF)
[7]–[9], and background subtraction (BS) [10]–[12] methods.
TD methods calculate the pixel-wise differences between con-
secutive frames to detect moving objects. OF methods utilize
the brightness constancy constraint to estimate the distribution
of apparent velocities of moving objects. BS methods first
estimate a reference image in absence of moving objects
(termed the background image), then detect object motion by
comparing the difference between the current frame and the
background image.

We have compared the proposed model with the three types
of classic and state-of-the-art motion detection methods, i.e.,
TD [4], OF [7], and BS [10]. The F-measure is employed to
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Fig. S1. In each subplot, ”Without” denotes output of the STMD without
feedback, ”With D” denotes output of the STMD with feedback signal
D(x, y, t), and ”With E” denotes output of the STMD with feedback signal
E(x, y, t). (a) Long response duration, (b) Short response duration, where
the feedback constant, order, and time-delay length of the feedback loop are
fixed.

quantitatively evaluate the model performance, which can be
computed as [10]:

F-measure = 2× precision · recall
precision + recall

(S1)

where precision =
|Sf∩Sgt|

|Sf | and recall =
|Sf∩Sgt|
|Sgt| , Sf and

Sgt refer to the support sets of the detection result and the
ground truth, respectively. The higher the F-measure, the
more accurately the moving object can be detected. In the
experiments, we report the maximum of F-measure for each
method by adjusting detection threshold.

The proposed Feedback STMD model as well as the other
three motion detection methods are evaluated on the Vision
Egg dataset [13], where three representative videos are shown
in Figs. S2-S4. Each video holds multiple small targets and
a large object, e.g., a black square, a lawn-mowing robot or
a tractor, moving against cluttered backgrounds. The sizes of
small targets are approximately 5 × 5 pixels, while that of
the large objects range from 30 × 30 to 70 × 70 pixels. The
velocities of the small and large objects vary between 200
and 400 pixels/s, while that of the background is lower than
200 pixels/s. Since the background is in motion, the first step
before applying the OF and TD methods for motion detection
is to compensate for background motion. This is achieved by
detecting Harris corners in consecutive frames, followed by
RANSAC based robust least squares fitting of a Homography
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TABLE SI
RUNNING TIME COMPARISON OF THE FOUR METHODS ON THE THREE

VIDEOS IN VISION EGG DATASET. THE VALUE IS AVERAGED OVER THE
THREE VIDEOS, EACH OF WHICH IS WITH 400 FRAMES WHILE WITH

FRAME SIZE OF 500 PIXELS (HORIZONTAL) × 250 PIXELS (VERTICAL).

TD BS OF Feedback STMD

Time (s/frame) 6.716 0.352 6.767 0.084

TABLE SII
F-MEASURE(%) COMPARISON OF THE FOUR METHODS ON THE THREE

ORIGINAL VIDEO SEQUENCES. THE LARGER THE F-MEASURE, THE MORE
ACCURATELY THE MOVING OBJECT CAN BE DETECTED.

TD BS OF Feedback STMD

Seq 1 15.89 22.80 5.61 53.52

Seq 2 37.43 65.13 12.91 65.61

Seq 3 29.69 6.52 36.03 59.36

transformation [14]. Once a Homography transformation is
obtained, the consecutive frames can be warped to compensate
background motion. The BS method embeds a transformation
operator in the model and optimizes its parameters for mo-
tion compensation. It is worth mentioning that the proposed
Feedback STMD model correlates luminance change signals
at each pixel for detecting moving objects without the need to
compensate background motion in advance.

The comparison of the computational cost among the four
methods is shown in Table SI. As can be seen, the proposed
Feedback STMD model needs to be in the region of 0.084s
to process a frame, which is much more efficient than other
three motion detection methods.

For performance comparison, the visualization of motion
detection results is provided in Fig. S2-S4, where the light
shaded areas indicate the detected motion. As can be seen
from the first row of each figure, the proposed Feedback
STMD model achieves much better performance than the
other three methods. Specifically, the Feedback STMD model
clearly detects all small moving targets, while significantly
suppressing large object motion. However, the other three
methods are unable to eliminate large moving objects. Note
that small target motion detection aims not only to iden-
tify the locations and velocities of small targets, but also
to discriminate them from large independently moving
objects against heavily cluttered backgrounds. For qualitative
evaluation, we report a comparison of F-measure in Table
SII. The proposed Feedback STMD model outperforms the
previous best performing method by 30.70%, 0.48%, and
23.33% in terms of F-measure on the three videos.

Motion detectors should always be able to work under noisy
conditions, since the visual world is often complex, dynamic
and noisy. To evaluate the robustness of the methods to noise,
we consider Gaussian noise and Salt & Pepper noise, which
are the most common noise arising during acquisition and/or
transmission [15]. Moreover, small and continual variations
in the complex dynamic background, such as swaying trees,
water ripples, raindrops and snowflakes, may also lead to Salt
& Pepper noise over the image [16]. We first add Gaussian
noise with variance of 0.1 and Salt & Pepper noise with

noise of 0.2 over the original image, then conduct experiments
on the generated noisy videos. The results are shown in the
second and third rows of Figs. S2-S4. As can be seen, the
proposed Feedback STMD outperforms all competing methods
on all noisy videos. The output of the Feedback STMD is
almost noiseless where the small targets are clearly detected.
In comparison, the detection results of the other three methods
are seriously contaminated, and the small targets are difficult
to discriminate from noise. The above results demonstrate
the robustness of the proposed method to noise in complex
dynamic backgrounds.
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Fig. S2. Visual comparisons between the proposed Feedback STMD and other motion detection methods (rows) as affected by noise (columns). The images
are frame from the video sequence (row a), and areas of motion (row b) or motion detection outputs (rows c-e) depicted by lighter shaded areas. From top to
bottom, the rows comprise (a) Input image, (b) Ground truth, (c) motion detected by temporal differencing, (d) motion detected by background subtraction,
(e) motion detected by optical flow methodology, (f) motion detected by the Feedback STMD model. The first column shows the original image, while the
second and third columns display the images corrupted by Gaussian noise with variance of 0.1 and Salt & Pepper noise with noise of 0.2, respectively. In the
input image, three small targets and a large object (the black block) are moving against the cluttered background. The arrow VB denotes the motion direction
of the background. The proposed Feedback STMD model performs much better than other methods. The Feedback STMD model (row f) clearly detects small
targets, while significantly suppressing the large moving object. Moreover, it is robust to Gaussian and Salt & Pepper noise.
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Fig. S3. Visual comparisons between the proposed Feedback STMD and other motion detection methods (rows) as affected by noise (columns). The images
are frame from the video sequence (row a), and areas of motion (row b) or motion detection outputs (rows c-e) depicted by lighter shaded areas. From top to
bottom, the rows comprise (a) Input image, (b) Ground truth, (c) motion detected by temporal differencing, (d) motion detected by background subtraction,
(e) motion detected by optical flow methodology, (f) motion detected by the Feedback STMD model. The first column shows the original image, while the
second and third columns display the images corrupted by Gaussian noise with variance of 0.1 and Salt & Pepper noise with noise of 0.2, respectively. In the
input image, four small targets and a large object (the lawn-mowing robot) are moving against the cluttered background. The arrow VB denotes the motion
direction of the background. The proposed Feedback STMD model performs much better than other methods. The Feedback STMD model (row f) clearly
detects small targets, while significantly suppressing the large moving object. Moreover, it is robust to Gaussian and Salt & Pepper noise.
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Fig. S4. Visual comparisons between the proposed Feedback STMD and other motion detection methods (rows) as affected by noise (columns). The images
are frame from the video sequence (row a), and areas of motion (row b) or motion detection outputs (rows c-e) depicted by lighter shaded areas. From top to
bottom, the rows comprise (a) Input image, (b) Ground truth, (c) motion detected by temporal differencing, (d) motion detected by background subtraction,
(e) motion detected by optical flow methodology, (f) motion detected by the Feedback STMD model. The first column shows the original image, while the
second and third columns display the images corrupted by Gaussian noise with variance of 0.1 and Salt & Pepper noise with noise of 0.2, respectively. In the
input image, five small targets and a large object (the tractor) are moving against the cluttered background. The arrow VB denotes the motion direction of
the background. The proposed Feedback STMD model performs much better than other methods. The Feedback STMD model (row f) clearly detects small
targets, while significantly suppressing the large moving object.


