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ABSTRACT

Relevance. Optical channels of counter-drone systems distinguish small unmanned aerial vehicles from birds with neural
network classifiers. At long range a target of a few pixels appears in isolated frames, and in a group of objects labels belong to
different targets. Purpose of the article. To refine classifier labels on a small aerial target by abductive identity, without retraining.
Objectives. To formalise target identity as an abductive choice and determine its effect on track maintenance, labels and class
conclusion. Methods. In each frame either the silhouette near the prediction is the target or the target is not visible. An integrity
constraint refutes a silhouette deviating from the prediction by over two body lengths, the measured margin of the true target; the
minimal explanation is chosen. Labels of one target and the flapping fact feed an abductive logic program. Scientific novelty.
Identity rests on a physical motion constraint scaled by the measured body length, not on appearance, which tiny silhouettes lack.
Practical significance. The same classifier held on one target gives more correct labels and explained conclusions. Results. For
vehicles of nine to twelve pixels frames off the target fell by one quarter to one half without harming bird tracks. The attention
window raised correct vehicle labels from one fifth — one third to one third — three fifths. The abductive program removed wrong
vehicle conclusions at the cost of fewer decisions; six-pixel vehicles are beyond the method. Conclusions. Maintaining the track of

one target is a precondition for refining classifier labels; the main limitation is frequent “unknown” answers at low confidence.
Keywords: Abductive reasoning; target identity; integrity constraint; small target; label refinement; flapping flight
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INTRODUCTION

Optical channels of systems for protection
against small unmanned aerial vehicles (UAVS) use
neural network classifiers to distinguish vehicles
from birds [1], [2], [3]. At long range the target
occupies a few pixels. The classifier sees it only in
isolated frames, and its confidence fluctuates from
frame to frame [4], [5]. Systems with several
cameras narrow the field of view to enlarge the
target [6], and the choice of the classifier
architecture improves the quality of object
recognition in visible-light camera images [7]. At
the limit of the range, however, the target remains a
silhouette of a few pixels.

A decision based on one frame of such a target
is unreliable, so labels are accumulated along the
track. Accumulation, however, makes sense only
when all labels belong to one target. In a flock of
birds or near other objects the track passes to a
neighbouring silhouette, and the labels of different
targets are mixed along “one” track. The class
conclusion then rests on evidence that does not
describe the designated target.
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Hence, to refine the conclusion of the classifier,
it is first necessary to establish which observations
belong to one target. This makes relevant the study
of methods for establishing the identity of a small
target that raise the share of correct classifier labels
without retraining the classifier.

LITERATURE REVIEW AND PROBLEM
STATEMENT

In classical target tracking an observation is
associated with a track by the nearest neighbour
inside a validation gate, a missed detection is
allowed for, and the motion is predicted by a-f or
Kalman filters [8]. The gate is set either by a fixed
radius or statistically, by the covariance of the
residual. A fixed radius in pixels has to be tuned to
the scale of the target, and a statistical gate narrows
on smooth tracks; neither uses the size of the target
itself.

In tracking by detection [9], target identity is
established by the overlap of bounding boxes in
adjacent frames. In [10] an appearance feature
obtained by a re-identification network is added. For
a silhouette of 5-12 pixels such a feature is not
formed, because the object has no texture, and
similar birds in a flock look alike.
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In [11], [12] identity is maintained by
associating confident and weak detector boxes with
motion taken into account, and in [13] the motion
model is corrected by observations after an
occlusion. However, identity exists only in frames
where the detector returns a box. For a distant target
such frames are few, so the track breaks into
fragments, and the fragments may belong to
different objects.

Classical multiple hypothesis tracking [14],
[15] keeps alternative assignments of observations to
tracks and selects the most probable one, and track-
before-detect methods [16] follow a target without a
detector threshold by accumulating likelihood along
hypothesised trajectories. These methods do not
return the class of the target and do not explain why
a particular observation was assigned to it.

Reviews of drone detection [17] compare radar,
radio-frequency, acoustic and vision-based sensing,
and a review of ground-to-air vision-based methods
[18] notes that they mostly detect and track a single
UAV, while tracking of several small targets is little
explored. Spatio-temporal detection of distant
drones in aerial video [19] uses the motion of the
target over several frames to separate it from the
background. In the challenge on tracking small birds
in video [20] the targets occupy a few dozen pixels,
so detection and appearance-based association
become unreliable, and a metric based on point
distance is used instead of box overlap.

Benchmarks for UAV tracking, mostly in the
thermal infrared band [1], [21], show that small
targets remain the main difficulty: on the benchmark
of tiny UAVs in complex scenes [22] the best
evaluated tracker reaches a state accuracy of only
35.9 %.

Abductive logic programming [23], [24]
defines an explanation of observations as a
hypothesis that, together with a background theory,
entails the observations and does not violate
integrity constraints. Abduction as the choice of the
best explanation [25], [26] and neuro-symbolic
integration of learned and logical components [27]
make it possible to check the conclusion of a neural
network against explicit knowledge. In [28] this
formalism is applied to refining the class of an aerial
object from classifier labels and physical facts.
However, it is assumed there that a track of one
target already exists.

A generalisation of these works shows that the
identity of a small target is established either by
appearance, which such a target does not have [10],
120], or only in frames with a detection [11], [12],
[13], or by a gate whose size does not follow the

target [8] . The unresolved question is how to
establish target identity from physical constraints on
its motion so that the classifier labels accumulated
along the track belong to one target and refine the
class conclusion.

RESEARCH AIM AND OBJECTIVES

The aim of the research is to refine the labels of
a neural network classifier on a small aerial target by
establishing its identity abductively. This makes it
possible to take checked and explained decisions on
the target class in optical channels of UAV
protection systems without retraining the classifier.

To achieve the aim, the following objectives
were set:

— to formalise the establishment of target
identity as an abductive choice between the
hypotheses “the silhouette is the target” and “the
target is not visible” with an integrity constraint on
the body length;

— to determine the effect of abductive identity
on the share of frames off the target (held frames in
which the track is not on the designated target) and
on the continuity of the observation series;

— to determine how maintaining the track of one
target changes the share of correct and wrong
classifier labels;

— to determine how the abductive logic program
refines the classifier conclusion and how this
conclusion depends on the label trust threshold.

MATERIALS AND METHODS

The object of the research is the process of
classifying a small aerial target by a neural network
classifier in a video stream. The main hypothesis is
that classifier labels refine the class conclusion only
when all of them belong to one target, and that target
identity can be established from physical constraints
on motion without appearance features.

Data. Birds are represented by 50 albatross
tracks from a video of the colony on Midway Atoll
[29] (2641 frames of 1920x1080 pixels, 29.97 Hz,
static camera) with a median silhouette size of 4-12
pixels and a length of at least 96 frames. The bird
size is the larger side of the dark mask of the
silhouette; together with the light parts of the
plumage the bird has a median size of 27 pixels. The
reference tracks were built by multiple hypothesis
tracking [28]: every silhouette starts a track
hypothesis that takes the nearest silhouette within a
30-pixel gate around prediction (1), and the
hypotheses are ranked by the product of length and
straightness. The tracks were selected by a rule fixed
before the experiments (length, size and straightness
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of at least 0.8, duplicates merged) and checked
visually on contact sheets with 8 fragments per
track: every fragment shows a bird, but in some
frames a neighbouring bird crosses the fragment.
The reference uses the same association as basic
track maintenance, so it’s possible bias favours basic
track maintenance rather than the proposed method.
UAVs are represented by 24 segments of 12 video
sequences of the DUT Anti-UAV dataset [30]
against the sky. Small targets of 6, 9 and 12 pixels
(the larger side of the annotation box) were obtained
by downscaling the frame; the frame rate was taken
as 25 Hz.

Classifier. A two-class YOLOVSs detector [31]
trained on the birdrone dataset [32] was used. The
detector was not retrained: all changes concern only
which of its labels belong to the target. Classifier
labels in frame t are boxes with a class and a
confidence g: whose centre lies within 25 pixels of
the current target position.

Track maintenance. The target is held by an
attention window of 120x120 pixels around the
prediction. The threshold in the window equals the
99th percentile of the negative contrast of the
silhouette relative to the smoothed background, but
not less than 8 brightness levels.

The predicted position x; and the velocity v; are
updated as follows:

Re=Xt-1TV¢-1, (1)
Ve=(1 = B)ve1tB (Xt — X¢-1)’
where X is the target position in frame t; g = 0.4 is
the velocity smoothing coefficient. In a frame
without a silhouette the velocity is not updated, and
the position x; is taken equal to the prediction xi; the
target moves along the prediction for up to K = 5
frames, after which it is re-acquired using a hint.
Three hint strategies were studied: no hint (S0), a
hint from classifier detections (SC) and an external
target designation at 1 Hz (SE-1), modelled by the
reference position with Gaussian noise of 15 pixels.
Abductive identity. For each frame t with
candidate silhouettes b, ..., by near the prediction,
identity hypotheses are formed. The hypothesis
same(b) means that silhouette b is the held target.
The hypothesis unseen means that the target is not
visible in the frame. An integrity constraint forbids
the hypothesis same(b) if the deviation of the
silnouette centre ¢, from the prediction exceeds two
body lengths of the target:

same(b) = |lcp, — 2| < 2Ly, (2)

where L is the body length of the target, equal to the
median size of the last 15 accepted silhouette masks

but not less than 3 pixels; for a bird the mask covers
only the dark parts, so L. is smaller than the visible
size of the bird. The size is measured in the same
way for both classes, from the accepted silhouette
masks. The constraint is applied after five accepted
silhouettes so that L; rests on measured sizes; before
that, the 30-pixel gate of basic track maintenance is
used. Among the hypotheses same(b) that are not
refuted, the one requiring the smallest deviation
from the prediction is chosen:

b"=arg minllc, - 2, ®3)

where the minimum is taken over the silhouettes b
for which same(b) is not refuted; the deviations in
(2) and (3) are Euclidean distances in pixels. If all
hypotheses same(b) are refuted, invisibility of the
target is abduced: the track moves along the
prediction, and the frame adds neither a silhouette
nor a classifier label to the track. Therefore, a
neighbouring silhouette lying farther than two body
lengths does not enter the track, and its label is not
mixed with the labels of the target. The sequence of
operations for one frame is shown in Fig. 1 (m —
number of consecutive frames without the target; K
— maximum number of such frames; wt, ht — width
and height of the silhouette).

Frame I;; x,_\, v,_, m; /
hint (if available)

| Prediction x, by (1) |
A 4

Window W, around %,;
threshold 6,; silhouettes b,

unseen:
m=m+1;

x,=x,, no label;

gap in the series

<z o>
yes
0 Hint
available?

yes
Re-acquisition
near the hint

next frame ¢+ 1

Some same(h)
not refuted by (2)2

YES
same(b*Y by (3);
X =Cp=, Vy by (l)v m :0;
labels of b* join the track

eries > 48 frame
without gaps?

es
Spectrum of the last
48 frames of w, A,

apping criteriof
met?

/ F act_};zi /

End

Fig. 1. Algorithm of track maintenance with

abductive identity for one frame
Source: compiled by the authors
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The margin in (2) was chosen from the
measured deviation of the true target from prediction
(1). This deviation is caused not by the dynamics of
flight but by the error of the velocity estimate, by the
noise of the centre position and, above all, by the
break-up of the silhouette into fragments after
thresholding. Its distribution in body lengths is
shown in Fig. 2.

Fig. 2 shows that the typical deviation is small:
0.07 of the body length for UAVs and 0.13-0.18 for
birds (a — birds (reference tracks, 5305 frames, and
silhouettes accepted on the target without constraint
(2), 17 987 frames); b — UAVs of 6, 9 and 12 pixels
(accepted silhouettes, 4351, 10 964 and 21 023
frames); wvertical lines — limits Lt and 2Lt;
logarithmic ordinate, deviations above 4Lt are
counted in the last bin). For birds, however, the
distribution has a heavy tail: when the silhouette
breaks into body and wings, its centre jumps. One
body length is exceeded in 7.6 % of the frames of
the reference tracks (4.4 % of the accepted
silhouettes), and each such frame breaks a gap-free
series of the true target. Two body lengths are
exceeded in 2.1 % (0.9 %) of bird frames and in 0.2—
0.5 % of UAV frames; on two independent halves of
the bird set the share is 2.0 and 2.3 %. The limit 2L,
thus covers 98-99 % of the deviations of the true
target for both classes and, like the body length
itself, scales with the target. The first version of the
method used one body length; the coefficient 2 was
chosen from this distribution, and the results for the
coefficients 1 and 1.5 are given in Table 2. Since the
search neighbourhood is 30 pixels, for silhouettes

larger than 15 pixels the limit coincides with the gate
of basic track maintenance; the constraint acts on
smaller silhouettes, in 54 % of bird frames and 94 %

of UAV frames.
In form, rule (2)-(3) is nearest-neighbour
association in a gate with a missed-detection

hypothesis [8]. It differs in three respects: the gate is
set in measured body lengths and therefore needs no
tuning to range and camera; the hypothesis that the
target is not visible is explicit and justified; both
hypotheses are written in the same formalism as the
class refinement, so the decisions from the
assignment of a silhouette to the class conclusion
form one explained chain.

The identity theory is written in the logic
programming language Prolog in the form of
hypotheses, integrity constraints and a minimal
explanation. For speed it is replicated in Python; the
decisions of the two implementations coincided on
1657 checked frames. Without constraint (2) the
method coincides with basic track maintenance,
which makes it possible to evaluate the contribution
of abductive identity separately. The core of the
theory is shown in Fig. 3: the facts f _pred, f cand
and f_body describe the prediction, the candidate
silhouettes and the body length; the rule refutes
implements constraint (2) with the coefficient
body_mult; the rules explain return the minimal
explanation (3) or the hypothesis unseen together
with its justification.

An example of the abductive choice on a real
frame is shown in Fig. 4 (video frame [29], CC BY
2.0).

—— birds, reference tracks UAV 6 px UAV 12 px
—— birds, accepted silhouettes —— UAV 9 px
a b
100 L, 2L, L, 2L,
SR LE o
o ] ' ;
g | q
£ 11 19
> i UL
2 0,14 ; : T 15 _
Z : i i
oor{ | il
o 1 2 3 40 1 2 3 4

Residual |¢—x|/L,

Residual [e—x|/L,

Fig. 2. Deviation of the silhouette centre from prediction (1) in body lengths of the target:
a—birds; b—UAVs of 6, 9 and 12 pixels

Source: compiled by the authors
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i— dynamic £ pred/2. f pred(X, Y) predicted positicn
f cand(Id, ¥, Y, Size) candidate silhouette in the window gate

f body(L) body length in px (asserted only when grounded)

:- dynamic f cand/4.
i— dynamic £ body/1.

oP o° oP

thr (body floor, 3.0).
thr (body mult, 2.0).
thr (window_gate, 30.0).

residual (Id, R) :-
f cand(Id, X, Y, _), f pred(PX, PY),
R is sgrt((X - PX) ** 2 + (Y - PY) ** 2).

limit (L) :- £ body(B), !, thr(body flcor, F), thr(body mult, M), L is M * max(B, F).
limit (G) :- thr(window_gate, G). % constraint not groundable yet

refutes (same (Id), jump(R, L)) :-
residual (Id, R), limit(L), R > L.

admissible (same(Id), R) :-
f cand(Id, _, _, ), \+ refutes(same(Id), ), residual(Id, R).

o

% explain (-Hypothesis, -Justification)
explain(same (Id), nearest unrefuted(R)) :-
findall (RO-I0, admissible(same(I0), RO), L), L \== [], !
keysort (L, [R-Id | _1).
explain (unseen, all refuted(Why)) :-
findall (I-W, refutes(same(I), W), Why), Why \== [], !.
explain(unseen, no candidate).

Fig. 3. Core of the identity theory in Prolog (file attention/a4_track_alp.pl of the repository; the header

comment is omitted)
Source: compiled by the authors

a frame of a bird track (Midway Atoll video)

b identity hypotheses

[ same(by) ]\
integrity constraint:
[len = Xill <2L,
L

[ same(b,)
=11.0 px; 2L, =22.0 px
same(b;): 1.8 < 22.0, admissible
unseen same(bz): 28.0 > 22.0, refuted
(target not visible) +
if all same(b) minimal explanation:
are refuted, smallest deviation — target =b,
unseen is abduced:

frame without a label v
labels only from by — ]

abductive class refinement

Fig. 4. Abductive identity of the target on a real frame:
a — neighbourhood of the target in a frame of a bird track (cross — predicted position x;;
dashed circle —admissible deviation of two body lengths, 2L = 22 pixels; b — identity hypotheses,
integrity constraint and minimal explanation (b; — silhouette accepted as the target; b, — refuted
silhouette of a neighbouring bird)

Source: compiled by the authors
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In the frame of Fig. 4 the target silhouette by
lies 1.8 pixels from the prediction, and the wing of a
neighbouring bird b, lies inside the search
neighbourhood 28.0 pixels from it, farther than 2L =
22 pixels; the hypothesis same(b.) is refuted, and the
minimal explanation chooses b;. In this frame b
would also be chosen without the constraint, as the
nearest silhouette. The constraint becomes decisive
when the target itself is not visible near the
prediction: without it the nearest silhouette, here the
wing of the neighbouring bird, would be accepted as
the target and its classifier labels mixed with the
labels of the target, whereas with it unseen is
abduced. On the 50 bird tracks of strategy SE-1 a
neighbouring silhouette was refuted while the target
was accepted in 305 frames.

The spectral criterion of flapping flight [28] is
checked once on the longest continuous series of 48
frames. Its band of 1.5-6 Hz covers the wingbeat
frequencies predicted for large birds [33].

Abductive class refinement. If the classifier
has a box with a confidence of at least 0.9 on the
held target, the class is determined by the classifier.
Otherwise, the abductive logic program [28] is used
without changes. Only facts measurable at range are
passed to it: fgt — the class of the majority of
classifier labels along the track together with their
median confidence, and fuyp — fulfilment of the
flapping flight criterion. The label fq is taken into
account if its confidence is not lower than the trust
threshold 6, = 0.5. Facts about speed, hovering and
turning are not asserted without range measurement.

The program returns one of five conclusions,
each with its justification: confirmation of the
classifier label, revision of the label with the violated
constraint indicated, acceptance of the label without
objections, a class supported by a physical fact alone
when the label is not trusted, or the state “unknown”.
A label refuted by a fact is revised: wingbeats are
incompatible with the UAV class. The sensitivity of
the conclusion was studied by changing the trust
threshold 6 from 0.5 to 0.25.

Metrics. The share of frames off the target is
the share of held frames in which the track position
is farther from the reference target position than the
tolerance r = 2s, where s is the median target size (s
is used only in this tolerance and differs from the
body length L) (the silhouette mask of a bird or the
annotation box of a UAV). Frames of extrapolation,
in which unseen is abduced, are not held frames and
do not enter this share; therefore the share of frames
on the target over the whole track is also given,
where extrapolated positions are compared with the
reference and a lost track counts as off the target. A

series is considered continuous on the target if the
longest gap-free segment contains at least 48 frames
and at least half of its frames lie on the target. The
classifier label along the track is determined by a
majority of at least 70 % among at least 5 boxes with
a confidence of at least 0.25. Tracking by detection,
used for comparison, associates the nearest classifier
box with a confidence of at least 0.25 within a 45-
pixel gate around prediction (1) and extrapolates for
up to 5 frames. The limit attainable for the classifier
was estimated with ideal association: only boxes
near the reference position of the target are assigned
to it. To evaluate the start from detection, the track
starts in the first frame where the classifier has a box
with a confidence of at least 0.5 within 25 pixels of
the target. The 95% confidence intervals were
obtained by cluster bootstrap (2000 resamples;
UAVs resampled by video sequence, birds by track),
and paired conclusions were compared by the exact
McNemar test.

Parameters. The coefficients = 0.4 and K = 5,
the 30-pixel gate, the series length of 48 frames and
the contrast threshold were inherited without changes
from the silhouette channel of [28], where they had
been chosen on one key track of video [29]. The
120x120 window and the 99th percentile were taken
from the previous stage of the research; 15 masks and
5 silhouettes before the constraint is applied, the label
voting parameters and the trust thresholds of 0.5 and
0.9 [28] were fixed before the runs. The DUT Anti-
UAYV dataset was not used to choose any of these
parameters. The coefficient 2 in (2) is the only
parameter chosen from data of this study (Fig. 2).

RESEARCH RESULTS

Effect of abductive
maintenance

identity on track

The share of frames off the target and the share
of series on the target without and with abductive
identity are given in Table 1.

Table 1 shows that abductive identity reduces the
share of frames off the target for both classes (50 bird
tracks, 24 UAV segments; for SE-1 — 250 and 120
runs; bold — the better value of a pair; interval — 95 %
cluster bootstrap of the difference “with — without”
for frames off target). For UAVs of 9 and 12 pixels it
decreases from 23-60 % to 11-46 %, and the 95 %
intervals of the difference lie below zero for every
strategy; for 9 pixels the share of series on the target
increases from 33 % to 46-47 %. For birds the share
of frames off the target decreases from 48-56 % to
39-53 %, and the share of series on the target does not
decrease: 34, 34 and 44 % versus 32, 34 and 40 % for
strategies SO, SC and SE-1.
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Table 1. Effect of abductive identity (tolerance r = 2s), %

Target Frames off target, | 95 % i_nterval of | Series > 48 frames Frames on target
strateg)’/ Wlt_hout / with the difference, on target: without over t_he Whole_
identity p.p. [ with track, without / with

Birds, SO 48 /39 -17...—2 32/34 39/37
Birds, SC 56 /53 —11...+5 34/34 40/37
Birds, SE-1 49 /41 —-13...-3 40/ 44 46 / 48
UAV 6 px, SO 80/75 —-14...—1 13/13 15/17
UAV 6 px, SC 81/73 —20...—1 13/13 18/ 23
UAV 6 px, SE-1 83/75 -22...—1 13/15 18/24
UAV 9 px, SO 54/33 -39...—6 33/46 38/43
UAV 9 px, SC 59/43 -30...—4 33/46 40/ 45
UAV 9 px, SE-1 60 / 46 -25...-3 331747 40/ 47
UAV 12 px, SO 23/11 —24...-2 83/83 72177
UAV 12 px, SC 27115 -25...72 83/88 74183
DAV 12 P, SE 28/17 23..2 83/83 73180

Source: compiled by the authors

The share of frames on the target over the
whole track, which counts extrapolated frames, also
does not decrease: for UAVs of 9 and 12 pixels it
grows from 38-40 % to 43-47 % and from 72-74 %
to 77-83 %, and for birds it stays at 37-48 % (the
differences are not significant).The gain is therefore
not caused by more frequent abduction of unseen.
For UAVs of 6 pixels the indicators hardly change:
the silhouette mask of such a vehicle has only 2x2
pixels, and the attention window mostly holds
something other than the target itself (73-83 % of
frames off the target), so this size lies outside the
working range of the method. No wrong decisions
“bird” for UAVs was obtained with abductive
identity. For birds, decisions about another object
became fewer (3, 3 and 21 instead of 4, 6 and 23),
while decisions about the target itself remained the
same (2, 2 and 19).

Comparison with other gates and sensitivity
to the parameters

To compare abductive identity with classical
association, constraint (2) was replaced by a fixed
gate of 10 and 20 pixels and by a statistical gate of

3.03 &' (%2 with two degrees of freedom, 0.99), where
o is estimated from the deviations of the track; the
coefficient of the limit was also varied (Table 2).
According to Table 2 (strategy SO; bold — the
best value in a column), only the limit 2L is not
worse than basic track maintenance in the share of
series for any class and size. The fixed gate of 10
pixels gives the fewest frames off the target for
UAVs but breaks bird tracks (2 % of series). The
gate of 20 pixels is close to 2L: only because the
targets here are 9-12 pixels (2L = 14-30 pixels): for
a target twice as far away the same 20 pixels would
be four body lengths and would admit neighbours,
and for a target twice as close one body length,
which rejects the target itself. Even at this
favourable scale it gives more UAV frames off the
target than 2L for every strategy (40-51 % versus
33-46 % for 9 pixels and 15-24 % versus 11-17 %
for 12 pixels). The statistical gate narrows on
smooth UAYV tracks and loses the target (29 % of
series for 12 pixels instead of 83 %). The limit of
one body length gives the fewest bird frames off the
target (28 %) but halves the bird series (16 %),
because it rejects the true silhouette in 7.6 % of

Table 2. Association rules without a hint: frames off target / series on target, %

L Birds: frames off UAV 9 px: frames | UAV 12 px: frames
Association rule ; . .
target / series off target / series off target / series

Basic track maintenance, gate 30 px 48 /32 54 /33 23/83
Fixed gate 10 px 25/2 5/50 2179
Fixed gate 20 px 39/32 40/ 46 15/79
Statistical gate 2 (0.99) 2716 49/25 17/29
Constraint (2), limit L; 28116 32/46 11/83
Constraint (2), limit 1.5 L, 35/30 32/46 11/83
Constraint (2), limit 2 L (proposed) 39/34 33/46 11/83

Source: compiled by the authors
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frames; a lower bound of L; of 4 or 6 pixels does not
change this (16-18 % of series). The results are
stable with respect to g and K: with g = 0.2-0.6 and
K = 3-8 the share of frames off the target is 33-38 %
for 9-pixel and 10-13 % for 12-pixel UAVs, and the
number of series changes by at most one of 24; for
birds only B = 0.6 reduces the series to 26 %.

a

frame 4 frame 18
extrapolation lost
g,=0.11 q,=0.37

The operation of abductive identity on a bird
track is shown in Fig. 5a — frame fragments (dashed
line — attention window; cross — predicted position;
green box — silhouette accepted as the target; yellow
boxes — classifier detections with qt > 0.25); Fig. 5b
— classifier confidence gt, track maintenance state
and silhouette height ht; Fig.5c — spectrum of the
series ht (coloured background — band 1.5-6 Hz)

frame 29 frame 50
re-acquisition  track maint.
q,=0.44 q,=0.19

frame 70

________

e

rame 115

track maint. track maint. track maint. track maint.
q,=0.50 q,=0.09 q,=0.54 q,=0.61
— q, longest run 80 extrapolation
—— threshold 0.25 MM track maintenance @ ¥  re-acquisition

30 100 120

c Frame number

0.0 25 5.0

S=0.64; 25,=0.60; 4=0.29
criterion met: “bird”

7.5 10.0 12.5 15.0

Frequency, Hz

Fig. 5. Track maintenance on a bird track with abductive identity (video [29] , strategy SE-1):

a —frame fragments; b — classifier confidence ¢ ; ¢ — spectrum of the series ht
Source: compiled by the authors
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In frame 70 of Fig. 5 the classifier returns a box
on a neighbouring bird, but the track remains on the
designated target, and the label of the neighbouring
bird does not enter the track. The continuous series
is 107 frames long, and the power share in the
wingbeat band is 0.64 at a threshold of 0.60, so the
target is classified as a bird.

A failure of abductive identity is shown in
Fig. 6.

In Fig. 6 a large neighbouring bird crosses the
target (video [29], strategy SO; a — cross — reference
position of the target; x — track position; dashed
circle — limit 2Lt = 18 pixels around the prediction;
b — dashed line — tolerance 2s). In frame 58 its
silhouette lies inside the limit 2L: and nearer to the
prediction than the target, so the minimal
explanation accepts it, and the track passes to the
neighbour; without a hint it does not return, and the
distance to the target grows to 14-20 target sizes.

Constraint (2) does not protect against a neighbour
that is nearer to the prediction than the target itself;
such crossings require a hint or features other than
the position. A persistent transition of this kind after
a long stretch on the target occurred in 5 of the 50
bird tracks without a hint; in one of them it is the
reference that passes to a crossing bird.

Classifier labels on one target

The labels accumulated by the classifier along
the track with different track maintenance methods
are given in Table 3 (classifier [32] , strategy SC; a
wrong UAV label is “bird”, a wrong bird label is
“UAV”; bold — the best share of correct labels
without ideal association). For comparison, the limit
attainable with ideal association of classifier boxes
with the target is given.

+  target (reference) X track position limit 2L,
a
/ [ ~
..} tm x haie - \
frame 55 frame 56 frame 57 frame 58 frame 59 frame 60

w b
o 201
po
= .. )
0 transition to the neighbour
=
8 10 7
L
Q
§  [olerance2s . / ___________________________________________
§2 0 T T T T T T
- 0 20 40 60 80 100 120

Frame number of the track

Fig. 6. Failure of abductive identity on a bird track: a — frames before and after a neighbouring bird

crosses the target ; b — distance from the track to the reference in target sizes s
Source: compiled by the authors

Table 3. Classifier labels along the track: correct / wrong, %

. . Attentioq Attention
Target Tracking by Attention window with window, crop Ideal
detection window abductive ! association
) . 120 — 640 px
identity
UAYV 6 px 21/4 33/4 33/4 50/4 50/4
UAV 9 px 25/4 54/8 54/8 42 /17 67/8
UAV 12 px 33/8 62/12 67 /12 54 /33 67/12
Birds 4/8 22134 18/30 446 28 /34

Source: compiled by the authors
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Table 3 shows that the share of correct UAV
labels of the same classifier increases from 21-33 %
with tracking by detection to 33-62 % with the
attention window and approaches the limit of 50-67
% attainable with ideal association; for 9 and 12
pixels the increase of 29 percentage points is
significant (95 % intervals +4...+63 and +13...+42
p.p.). The classifier was not changed: only the share
of its boxes that belong to the target increased. This
gain is due to the attention window. Abductive
identity does not change the share of labels
significantly: 33-67 % correct UAV labels, and 30 %
instead of 34 % wrong “UAV” labels for birds (p =
0.63). Its contribution is that the labels and facts are
collected from the designated target (Table 1). A crop
of the window enlarged to the classifier input size
raises the visibility of 6-pixel UAVs from 12 % to 64
% of frames, but for 9 and 12 pixels it increases the
share of wrong labels. For birds, wrong “UAV” labels
amount to 34 % even with ideal association.

Abductive
conclusion

refinement of the classifier

The conclusions of the classifier without and
with the abductive program are given in Table 4.

Table 4 (label trust threshold 0.5; precision —
share of correct among the decisions taken; coverage
— share of targets with a decision; bold — the better
value) shows that with the abductive program there
are no wrong conclusions for UAVs (0 of 72 versus
4 for the classifier) and one for birds (versus 4); the
precision of the decisions taken rises from 83 % to
100 % for UAVs and from 33 % to 83 % for birds.
The price is coverage: the program takes a decision
for 18 % of UAV series versus 32 % for the
classifier. On this sample the difference in wrong
conclusions is not significant (exact McNemar test,
p = 0.125). At range the classifier never had a box
with a confidence of 0.9, and the median confidence
of the labels is mostly below the trust threshold of
0.5, so the answer “unknown” prevails.

Each conclusion is returned with its
justification. For a bird track, the majority of
classifier labels is “UAV” with a median confidence

of 0.46, below the trust threshold, and flapping flight
is found on a series of 63 frames; the program
returns “bird” with the justification
kinematic_only(wing_beat_oscillation): the label is
not trusted, and the class is supported by a physical
fact. At a trust threshold of 0.4 the same track gives
revised (drone, refuted_by(flapping_flight),
supported_by(wing_beat_oscillation)): the label
“UAV” is refuted by flapping flight. For a UAV
segment with the label “UAV” of confidence 0.55
and without flapping flight the program returns
accepted (drone, not_refuted): the label is accepted
because nothing refutes it, but it is not physically
confirmed. When the label is below the trust
threshold and no fact supports a class, the program
returns  no_admissible_hypothesis,  that s,
“unknown”. For the operator, a revision indicates an
error of the classifier, and acceptance without
confirmation calls for further observation. A
conclusion of the type “confirmed” did not occur:
only the label and the flapping fact are passed to the
program, and confirmation of the UAV class
requires a positive fact, such as hovering or a long
straight flight, which was not measured.

The results of the start from a classifier
detection are given in Table 5 (detection with a
confidence of at least 0.5 within 25 pixels of the
target; label trust threshold 0.5).

The classifier found the target with a
confidence of at least 0.5 only for 21 of 50 birds and
for 6, 14 and 15 of 24 UAV segments, after a
median of 24-42 frames. After such a start the share
of frames on the target is 23-78 % versus 22-83 %
with the reference start, and there are no wrong
decisions “bird” for UAVs. For birds the start from
detection gives more frames on the target than the
reference start (60 % versus 38 %). On the same 21
tracks the reference start gives 47 %, and on the
same number of first frames 56 %; the difference is
thus explained by the composition of the subsample
and by the age of the track, which drifts off the
target with time. The dependence of the conclusion
on the trust threshold is shown in Fig. 7.

Table 4. Conclusions of the classifier and of the abductive program

—_— Classifier: With abductive With abductive
Classifier: correct / - ; i .
Target (number) precision / program: correct / program: precision /
wrong / unknown
coverage, % wrong / unknown coverage, %
UAV 6 px (24) 5/1/18 83/25 2/0/22 100/8
UAV 9 px (24) 6/1/17 86 /29 5/0/19 100/21
UAV 12 px (24) 8/2/14 80/42 6/0/18 100/ 25
UAV, all (72) 19/4/49 83/32 13/0/59 100/ 18
Birds (50) 2/4/44 33/12 5/1/44 83/12

Source: compiled by the authors
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Table 5. Start from a classifier detection

. Median F:cames on targetl,I Frames on Corr]lclusior}s after
argets reference start: a target, start the start from
Target (number) found fdelay, targets / same targets / from detection: correct /
rames same first frames, % detection, % wrong / unknown
Birds (50) 21 42 38/47/56 60 8/2/11
UAV 6 px (24) 6 37 22/16/15 23 2/0/4
UAYV 9 px (24) 14 24 47/51/57 54 6/0/8
UAV 12 px (24) 15 28 83/84/89 78 8/0/7

Source: compiled by the authors

As Fig. 7 shows (a — UAVs, 72 series: 24
segments x 3 sizes; series of one segment are not
independent); b — birds (50 tracks); dotted line —
classifier without the abductive program), at a
threshold of 0.4 the share of correct conclusions for
UAVsS is 29 % versus 26 % for the classifier, and
wrong decisions “bird” amount to 3 % versus 6 %;
this difference of two series is not significant.
Lowering the threshold to 0.3 increases the share of
correct conclusions for UAVs to 49 % (p = 0.002, 95
% interval of the difference +9...+40 p.p.), while
wrong decisions “bird” grow to 8 %. For birds both
correct (2 — 12) and wrong (4 — 15) conclusions
grow, so the threshold of 0.5 is recommended as the
main one.

DISCUSSION OF THE RESULTS

The decrease in the share of frames off the
target for UAVs (Table 1) is explained by the fact
that constraint (2) rejects neighbouring silhouettes
lying farther than two body lengths from the
prediction. Without the constraint, such a silhouette,
being the nearest to the prediction, was accepted as

the target, and the track passed to another object. For
9-pixel UAVs this also increased the share of
continuous series on the target, because the track
stays on one object longer.

The limit of one body length broke bird series
not because of the noise of the centre position (¢ =
1.4 pixels on the reference tracks) but because of the
heavy tail of the deviation (Fig. 2): when the
thresholded silhouette breaks into body and wings,
its centre jumps beyond one body length in 7.6 % of
frames, and each such frame breaks a gap-free series
of 48 frames. That is why a lower bound of L.
related to the noise did not help. The limit of two
body lengths covers this tail, keeps bird series and
leaves the UAV results practically unchanged, since
the UAV deviation rarely exceeds even one body
length. For birds the coefficient sets a compromise:
one body length reduces wrong “UAV” labels along
the track more strongly (from 17 to 10 of 50 versus
15 with 2L;) but halves the series on the target.
Larger silhouettes are not affected, since for them
the limit reaches the search gate.

—e— correct

—e— wrong

UAV — “bird”
classifier without ALP

Share of targets, %

10 1

0.5 0.4
Label trust threshold

03 025

0.5 0.4 03 025
Label trust threshold

Fig. 7. Dependence of the conclusion of the abductive logic program (ALP) on the classifier label trust

threshold, which decreases from left to right: a — UAVSs; b — birds
Source: compiled by the authors
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An identity check based on the size and contrast
of the silhouette was considered and rejected. It
halved the share of series on the target for birds,
because the change of the silhouette size during a
wingbeat is exactly the feature checked by the
flapping flight criterion. A Kkinematic constraint
applied to tracking by detection without the attention
window did not change the results: in such tracking
there are almost no transitions to other objects, and
the limitation is missing boxes.

The increase in the share of correct classifier
labels (Table 3) is explained by the attention
window, which keeps classifier boxes near the target
in frames where tracking by detection has lost it.
Track maintenance does not correct the systematic
error of the classifier: with ideal association it
assigns 34 % of bird tracks to UAVs, and a larger
number of labels only make this error more stable. It
is exactly this error that the abductive program
revises when the fact of flapping flight refutes the
label “UAV”.

The results of Table 4 and Fig. 7 are explained
by the fact that the program [28] takes the classifier
label into account only when its confidence is not
lower than the trust threshold. At range the label
confidence is mostly below 0.5, and flapping flight
of a UAV is not observed, so the program more
often answers “unknown”. Lowering the threshold
brings back wrong decisions “bird”, because the
absence of wingbeats does not refute the class
“bird”: soaring birds do not flap their wings.

The method is fast enough for real time. On one
thread of a laptop the identity step in Python takes a
median of 0.49 ms (95th percentile 0.87 ms) per
target and frame, and the Prolog query 0.08 ms (0.24
ms), 30-70 times less than the frame period of 33—
40 ms; the time of the detector is not included. A
target of 9 pixels corresponds to a range of about
600 m for a UAV of 0.5 m and a camera of 1920
pixels with a 10° field of view, D = I-W/(n-FOV),
and to about 1.2 km at 5°. On a pan-tilt platform
prediction (1) has to be transferred to the current
frame by the platform angles: a pure rotation of the
camera maps the image by the homography H =
K-R-K™, which does not depend on the scene depth
[34], and such compensation is used for pan-tilt
cameras [35]. The sky has little texture, so the
platform angles must be synchronised with the frame
[36]. A residual compensation error modelled as a
random walk of the frame degrades any track
maintenance in image coordinates: for 12-pixel
UAVs the share of frames off the target without the
constraint grows from 23 % to 41 % at 1 pixel per

frame. Constraint (2) keeps a smaller share at any
error (38-45 % versus 58-62 % for 9 pixels and 14—
32 % versus 37-41 % for 12 pixels at 1-4 pixels per
frame), and long series require a residual error of at
most 1-2 pixels per frame, that is, angles
synchronised with the frame better than 1-2 ms at a
rotation rate of 5°/s. An external target designation
(SE-1) can be provided by radar or another camera
of the system.

The limitations of the study are as follows.
Small UAVs were obtained by downscaling the
frame; atmospheric effects and the motion of the
camera were not modelled, apart from the random
walk of the frame. The frame rate of the dataset [30]
was taken as 25 Hz; formulas (1)-(3) are written in
frames and pixels and do not depend on it, and
taking 30 Hz changes only the flapping criterion
(wrong decisions “bird” 1.6 % instead of 0 %). Birds
are represented by one large species from one video.
The band of 1.5-6 Hz covers large birds; small birds
flapping faster than 10 Hz are close to or above the
Nyquist frequency at 25-30 frames per second, and
soaring birds do not flap at all. The absence of
wingbeats does not refute the class “bird”, so for
such birds the program answers “unknown’ or keeps
the classifier label. For UAVs the reference is the
annotated boxes, so the deviation of the silhouette
centre was compared with a reference directly only
for birds. The coefficient of the limit was chosen on
the same data, and the sample is small and
dependent (24 segments of 12 videos), so the
conclusions are given with cluster bootstrap
intervals and the McNemar test. The start from a
classifier detection occurred only for 25-62 % of
distant targets. For 6-pixel UAVs the silhouette
mask has only 2x2 pixels, and track maintenance
based on it does not work.

It is advisable to develop the research in two
directions. The first is physical facts that positively
indicate the UAV class at range, since in their
absence the program often answers “unknown” and
never confirms the UAV class. The second is
verification on several bird species, with a moving
camera and with real compensation of the platform
motion.

CONCLUSIONS

1. The establishment of the identity of a small
target is formalised as an abductive choice between
the hypotheses “the silhouette is the target” and “the
target is not visible” with an integrity constraint: the
deviation of the silhouette from the prediction
cannot exceed two body lengths of the target, a
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margin that covers 98-99 % of the measured
deviation of the true target. The constraint does not
require appearance features, and the decisions of the
logic and program implementations coincided on
1657 frames.

2. It is established that abductive identity
reduces the share of frames off the target for UAVs
of 9-12 pixels from 23-60 % to 11-46 % and for 9-
pixel UAVs increases the share of continuous series
on the target from 33 % to 46-47 %, without
reducing the share of series for birds (34-44 %
versus 32-40 %); for 6 pixels (a mask of 2x2 pixels)
the method does not work. Unlike fixed and
statistical gates, the limit in body lengths is not
worse than basic track maintenance for any class and
size.

3. It is established that the attention window
raises the share of correct UAV labels of the same

classifier from 21-33 % to 33-62 % without
retraining, while abductive identity does not change
the share of labels but ensures that they are collected
from the designated target. Track maintenance does
not correct the systematic error of the classifier on
birds.

4. It is established that the abductive logic
program makes the classifier conclusion checked
and explained: at a trust threshold of 0.5 there were
no wrong conclusions for UAVs (0 of 72 versus 4)
and one for birds (versus 4), at the cost of decisions
for only 18 % of UAV series; on this sample the
difference is not significant. Lowering the threshold
to 0.3 raises the share of correct UAV conclusions
from 26 % to 49 % (p = 0.002), with 8 % wrong
decisions “bird”.
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AHOTANIA

AxTyanbHicTh. ONTHYHI KaHAIN CHCTEM 3aXHCTY Bill MaJHMX OE3MUTOTHHX JITAIBHUX alapaTiB pO3pi3HAIOTH alapaTH i NTaxiB
HelipoMepeskeBUMHU knacugikaTopamu. Ha Benukiil JanpHOCTI ik y KiJIbKa MIKCETiB BHIHO JIMIIE B OKPEMHUX Kaapax, a B TPYyIi
00’€eKTIB MITKH HaJIe)KaTh Pi3HUM IitsiM. MeTa craTTi. YTOUHEHHsS MITOK Kiacu(ikaropa Ha MaJOpO3MIpHIH MOBITPSHIN ITii
a0IyKTUBHUM BCTAHOBIICHHSIM TOTOXXHOCTI 0e3 mepeHaB4YaHH:. 3agayi. ©opMaizyBaTd TOTOXKHICTh LTI K a0IXyKTUBHHHA BUOIp 1
BU3HAUUTH ii BIUIMB Ha YTPUMaHHs], MITKH Ta BHCHOBOK Ipo kiac. Meroau. s KOKHOTO Kaapy pO3TIIANAIOTHCS IBI TiOTE3U:
cUITyeT OiIs MPOTHO3Y € LT, a00 ik HeBUAMMa. OOMEKEHHS IUTICHOCTI CIIPOCTOBYE CHIIYET, BIIXHUIICHHS SKOTO BiJl IPOTHO3Y
MepeBHUINyE B JOBKUHM TiNla; LEi 3amac 3aJaHo 3a BUMIPSHHM BiIXWICHHSAM CHpaBkHBOI Iimi. OOupaeThcs MiHIMAnbHE
NosiCHEeHHsI. MITKH OfHi€el Iyl Ta ()akT MaxoBOTO HOJNBOTY INepelaroThcs abJyKTHBHIN JoriuHii nporpami. HaykoBa HoBH3HA.
ToToxHICTh cripaeThes Ha (i3uyHEe 0OMEXEHHS PyXy, MacTaboBaHe 3a BUMIPSHOIO JOBKHHOIO Tijia, 3aMiCTh 03HAK 30BHIIIHBOTO
BUTJIAY, AKHX Maji cuiyeTd He MaroTh. [IpakTuyHa 3Hauymicth. Toil camuii Knacudikarop, yrpuMyBaHHN Ha OJHINA Lidi, Jae€
OiNbIlle TPABHJIBHUX MITOK 1 MOSICHEHI BHCHOBKM 0Oe3 mepeHaBuaHHsA. Pesyabratm. [ amapariB po3MipoMm BiJ JEB’SITH 10
JIBAaHAJIIATH IIKCEIiB YacTKa KaJapiB 1M03a LULII0 3MEHIIMIACh Ha YBEPTh — MOJIOBUHY Oe3 MOTIpIIeHHs TpeKiB nraxiB. BikHO yBaru
MiABUIIMIO YACTKY MPAaBUIBHMX MITOK amapara 3 I1’sIT01 — TPeThO1 YaCTHHU 10 TPETUHH — TPHOX II'SITHX, @ TOTOXKHICTD 11 He 3MiHMIIA.
AORyKTHBHA Iporpama ycyHyJia XHMOHI BUCHOBKH IIOJIO allapaTiB I[IHOIO MEHIIO KUTBKOCTI PIillleHb; JUIS amapaTiB po3MIpoOM IIiCTh
MKCENiB METOJ He Mpaiioe. BUCHOBKHU. YTpUMaHHS OJHi€l Il € MEpeayMOBOIO YTOYHEHHS MITOK KiIAacH(]iKaTopa; OCHOBHHUM
0OMEKEHHSIM € YacTi BIIOBII «HEBIIOMO» 3a HU3LKOI BIIEBHEHOCTI.

KniouoBi cioBa: abnykTiBHE MipKyBaHHS; TOTOXKHICTB IiJTi; OOMEXEHHS IUTICHOCTI; MaJlOpO3MipHa IiJIb; YTOYHEHHS MIiTOK;
MAaxOBHH ITOJIT
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