
Equine Pain Behavior Classification via Self-Supervised Disentangled Pose
Representation

Supplementary Materials
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Horse # No-Pain # Pain %age No-Pain %age Pain
Aslan 414 376 52.41% 47.59%
Brava 335 436 43.45% 56.55%

Herrera 470 567 45.32% 54.68%
Inkasso 330 439 42.91% 57.09%

Julia 465 433 51.78% 48.22%
Kastanjett 413 357 53.64% 46.36%

Naughty but Nice 405 394 50.69% 49.31%
Sir Holger 351 308 53.26% 46.74%

Total 3183 3310 - -
Table 1. Number of pain and no-pain video segments per horse.

Horse # No-Pain # Pain %age No-Pain %age Pain
Aslan 50974 53396 48.84% 51.16%
Brava 54355 49651 52.26% 47.74%

Herrera 46194 51964 47.06% 52.94%
Inkasso 55805 53948 50.85% 49.15%

Julia 48695 50902 48.89% 51.11%
Kastanjett 55028 55990 49.57% 50.43%

Naughty but Nice 54571 51117 51.63% 48.37%
Sir Holger 55617 56129 49.77% 50.23%

Total 421239 423097 - -
Table 2. Number of pain and no-pain frames per horse.

1. Further implementation details

The dataset presented many practical challenges in terms
of preprocessing. Videos from each camera were manually
offset when necessary to sync temporally with other cam-
eras in the stall. Time periods with humans present in the
stall or corridor were manually marked for exclusion when
not recorded in the experiment log. Technical faults led to
intermittent recording from some cameras. Only time peri-
ods with footage from all cameras were used.

The cameras were calibrated to recover their intrinsic
and extrinsic parameters by use of a large checkerboard pat-
tern of known dimensions, solving Perspective-and-Point
(PnP) problem using RANSAC in OpenCV [2], and bun-
dle adjustment.

Figure 1. Histogram of video segments’ length for pain and no-
pain. Most data points have length 2 minutes.

Table 1 provides the number of video segments for each



horse used for pain classification. Table 2 provides the same
information information in terms of frames. The corre-
sponding pain and no-pain percentages varies between these
two tables since the segment length is variable.

We used ‘Naughty but Nice’ as our validation horse, as it
has the most balanced class distribution for video segments
(Table 1). When testing on ‘Naughty but Nice’, we used
the first horse, ‘Aslan’, as our validation subject. To keep
results comparable we used the same subjects for validation
when training on frames, even though the class distribution
is different (Table 2).

In Figure 1 we show the distribution of video segments’
length in seconds. Most segments are two minutes in length.
A slightly larger proportion of no-pain videos have 2 min-
utes length compared to their proportion in pain videos.
This may be because horses display restlessness when in
pain which makes their consistent detection in every frame
more difficult.

When detecting horsing with MaskRCNN [6], we no-
ticed high confusion between ‘horse’ and ‘cow’ categories,
and included high confidence detections from both cate-
gories.

To compensate for unbalanced training data we use a
weighted cross-entropy loss. The weights for each class are
calculated as follows, where p and np are the number of
training data points for pain and no-pain respectively:

wpain = 2(1− p

p+ np
),

wno−pain = 2(1− np

p+ np
).

(1)

Multiplication by 2 – the number of classes – keeps the
weight around 1, hence maintaining the overall magnitude
of the loss.

The maximum length of each video segment is 2 min-
utes. At 2 fps this equals 240 frames. The minimum length
is 5 seconds (10 frames). The frame based model was
trained at 1 fps. This was done to avoid very repetitive
frames, and to speed up training.

The model trained from scratch was trained using a dif-
ferent schedule as the entire network had to be learned, and
not just the pain classification head. We trained the model
at 0.0001 learning rate for 50 epochs. We evaluated on vali-
dation and testing data after every 5 epochs, and used the
results to determine both the ‘True’ and ‘Oracle’ perfor-
mance.

The code base is available at https://github.
com/menorashid/gross_pain. The EOP dataset
can be accessed by agreement for collaborative research
with the authors of [1].

2. Qualitative examples
Figure 2 shows further qualitative examples of video seg-

ments correctly classified as painful.
Rows 1-2 show ‘lowered ears’ [5], rows 3-4 show ‘ly-

ing down’ [7], and row 5 shows stretching [4] similar to
results in the main paper. In addition, we observe ‘looking
at painful area’, and ‘lowered head’ in rows 6-7 [5], and
‘frequent tail flicking’ in row 8 [8]. ‘lowered ears’ [5] (sec-
ond row), a lifted left hind limb (first row), corresponding
to ‘non-weight bearing’ [3], ‘lying down’ (third row), ‘look-
ing at flank’ (fourth row) [7], and one example of gross pain
behavior, ‘stretching’ (last row) [4].
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Figure 2. Painful behavior correctly classified by our network


